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Abstract

Advances in modern technologies, high-speed and more precise instrumentation for
data acquisition, cutting-edge high-performance computing, improved simulation mod-
elling, and the development of large data centres have collectively contributed to the
rapid accumulation of massive datasets, commonly referred to as Big Data. While
the processing speed of CPU/GPGPU in high-performance computing has steadily in-
creased, the rate of data input and output (I/O), even with parallel I/O, has lagged be-
hind the advances in computing speeds. Although a number of computing techniques
have been adopted to bridge the CPU I/O gap, I/O still remains a major bottleneck
to high performance data processing and large scale scientific applications. Recent ad-
vances in database management and data processing technologies focus on in-memory
(or DRAM) data storage system to enhance performance. The challenge, however,
lies in developing an I/O subsystem infrastructure that can match the computational
speeds of advanced computing systems operating at the petascale and exascale levels.
The thesis proposes an I/O subsystem infrastructure leveraging in-memory comput-
ing to meet the computational speeds of advanced computing systems at the petascale
and exascale level, leveraging the Partitioned Global Address Space Model (PGAS) of
computing on commodity hardware. The PGAS system is used to host an in-memory
data store, providing high performance access to in-memory data. The proposed ar-
chitecture is reminiscent of that of RAMCloud, but with some major differences. The
architecture consists of a number of commodity nodes, that can grow into hundreds or
thousands, whose physical memories are aggregated as a single global logical address
space, with a fraction of these nodes serving as the I/O nodes, while the remaining
nodes form the collection of compute nodes. The I/O nodes maintain in-memory data
in the global address space and run thousands of threads, some of which persist the
memory resident data onto Solid-State Device (SSDs), attached to the nodes. The thesis
refers to this architecture as EPGASS: An Elastic Partitioned Global Address Space Storage .
The major contribution of the thesis is the design, implementation, and application us-
age of EPGASS. The study presents strategies to address challenges such as memory-to-
memory data copying, fault-tolerance, long-term persistence with asynchronous paral-
lel data migration from memory-to-SSDs and vice versa and also from SSDs-to-hard-
disks (HDD), with a hierarchical storage approach. The thesis also discusses use-cases
with diverse applications, including a novel approach to dense matrix-matrix multi-
plication and multidimensional index schemes, which minimise the communication
overhead to improve algorithmic efficiency.
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Chapter 1

Introduction

1.1 Overview

The growing disparity between CPU and I/O speeds poses a significant challenge to

overall performance in High Performance Computing (HPC), particularly as petascale

and exascale computing increasingly become standard in scientific computing. Al-

though the computing power of multicore systems has been growing, the performance

of storage subsystems has lagged behind the increasing performance demands of ap-

plications resulting from parallel computing and architectural improvements [1].

HPC applications enable simulating scientific phenomena at finer granularities and

massive scales by taking advantage of advances in parallel processing architectures.

Finer granularities mean larger amounts of data, resulting in a higher data growth rate

in size and complexity, requiring efficient strategies to manage the data on storage file

systems. This has led to a noticeable performance gap between processing speeds and

the capabilities of the storage I/O subsystem. Storage devices are increasing in capacity,

but not necessarily in performance [2]. This performance gap is further exacerbated by

the rapid growth in data volumes resulting from solutions to today’s complex scientific

and industrial problems.

Poorly performing I/O subsystems often constrain the scalability of applications. Fast

and efficient parallel I/O is essential for the success of several HPC applications, in-

cluding emerging fields like deep learning, which has surged in importance in recent
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times for addressing crucial challenges and forecasting trends across various disci-

plines. These include natural language processing, computer vision, speech recogni-

tion, and climate science [3–7].

With advancements in Artificial Intelligence (AI), mobile devices, autonomous driving,

and the Internet of Things (IoT), the volume of data being generated, collected, stored,

managed, and analysed globally is increasing exponentially. The International Data

Corporation (IDC) has estimated the Global Datasphere to reach 175 Zettabytes(ZB) 1

in 2025 [8]. Statista has projected this to grow to 394 ZB by 2028 [9]. Such explosive

data growth requires efficient storage infrastructure and fast processing to gain insight

and make quality business decisions. Figure 1.1 shows the growing global data-sphere.

FIGURE 1.1: Increasing global data volume estimated to reach over 390
ZB by 2028 [9]

Processing such huge amounts of data presents unique challenges, especially with the

I/O subsystem, even in high-performance computing clusters. While several data-

intensive applications are processed on HPC clusters, resource contention on the shared

storage systems connected to the clusters becomes a major issue. This contention leads

11 ZB = 10007 bytes = 1021 bytes = 1000 exabytes = 1 million petabytes = 1 billion terabytes = 1 trillion
gigabytes
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to I/O performance degradation and diminishes the performance gains achieved by co-

ordinated parallel I/O subsystems, including optimizations offered by MPI-I/O imple-

mentations [10]. The performance of many of these systems is, therefore, constrained

by the I/O subsystem [11]. While caching can greatly enhance read performance, it

offers limited benefits for write performance. This is largely because highly parallel

systems need to ensure fault-tolerance, which is mostly achieved by replicating the

data written across the nodes [12]. This synchronous replication process also introduces

some computational overhead resulting in overall performance degradation. However,

a complete distributed in-memory data store could ensure a significant read/write per-

formance improvement, especially with asynchronous background writes to persistent

storage.

In recent times, solid-state devices (SSDs) or flash storage systems have gradually been

embedded in disk-based storage as a solution to addressing the poor performance re-

garding the performance of disk storage. It is now common place to see over 12 ↑ 24

TB disks incorporated with 512GB or over 1 TB SSDs. However, a shift of primary

data storage to main memory, from disk, where disk is relegated to a persistent back-

up/archival role provides an extremely fast performance [13–16]. In-memory data pro-

cessing systems deliver exceptionally fast response times and high throughput.

Ousterhout et al. [13] estimates that a complete Random Access Memory (RAM) stor-

age system provides ↑ 100 →↓1000→ lower latency, and subsequently up to ↑ 1000→

greater throughput compared to a disk-based storage system. Since memory is volatile,

effective replication and backup techniques are essential to ensure durability and avail-

ability of transactions comparable to those of disk-based systems. Fast data processing

is of great importance in today’s data centres and scientific computations, especially

with big data application stacks such as Berkeley Data Analytics Stack (BDAS)[17],

Apache Spark[18], and the Hadoop Ecosystems[19]. Efficient use of high-performance

computing has the potential to significantly decrease the duration required for DNA

sequencing, for example, and consequently make crucial data available for chemical

analysis, potentially enabling doctors to accelerate the diagnostic process. However,

I/O bottlenecks must be minimised from compute clusters to achieve this vision.
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Despite being easy to implement, the general-purpose network storage available today

cannot keep up with the throughput demanded by the compute nodes. When storage

continues to be a bottleneck, it is not always beneficial to add more compute power.

Though several high-end HPC storage solutions could in theory address the perfor-

mance bottleneck, but are either too costly or too difficult to implement and manage.

Without a viable mid-range HPC storage solution, the ability to cost-effectively prolif-

erate rapid diagnosis and improve health outcomes would thus be limited. As noted

by the Advanced Scientific Computing Advisory Committee’s (ASCAC) report on ex-

ascale computing [20], numerous other market changing innovations will remain con-

cepts, without affordable, high performance HPC storage capable of satisfying the data

intensive needs of scientific, as well as commercial breakthrough simulation and mod-

elling applications.

The thesis therefore proposes the implementation of an I/O subsystem and process-

ing technique to mitigate the gap between computational speed and data access speeds

in high performance computations and applications using commodity hardware. The

study present the design and implementation of an in-memory data store which is

based on the Partitioned Global Address Space (PGAS) programming model of compu-

tation that makes accessible a large logical global storage formed from logically aggre-

gating the physical main memories of a collection of nodes. The projection is that this

mechanism will reduce the I/O bottleneck of data-intensive HPC applications while

providing considerable global address space to store massively large datasets from the

aggregated physical memories of hundreds to thousands of I/O nodes. This is referred

to as EPGASS: An Elastic Partitioned Global Address Space Storage. The targeted applica-

tions include scientific computations which have very high memory footprint as well

as large data storage needs which goes beyond the memory capacities of individual

nodes – which is very typical in many recent scientific applications and simulations,

including genomic sequencing, image processing systems, and many more.

The thesis proposes a cost-effective in-memory storage system using commodity sys-

tems for applications that utilises the widely used HPC models such as the MPI and

UPC for computation. The approach of this study leverages the strength of the hy-

brid MPI-UPC programming model. The architecture seeks to enhance the use of main
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memory for dynamic memory intensive applications and provide a mechanism for

UPC-based applications to dynamically allocate memory across compute nodes which

join the cluster to contribute their memory resources. The architecture seeks to provide

an efficient in-memory data store for fast processing while ensuring durability by using

SSDs to provide high speed intermediate storage. The slow disk-based systems are used

only for archival or replication purposes, similar to that of the RAMCloud [13]. This

elastic aggregated memory of EPGASS is thus expected to enable pragmatic commer-

cial, academic, and life sciences applications to meet their demands of very fast compu-

tations, higher job iteration rates and more precise insights with improved resolution

accuracy.

1.2 Goals of EPGASS

The design and implementation of EPGASS is guided by the following goals:

• Ensure seamless dynamic memory allocation for applications across the nodes of

an HPC cluster

• Provide high-performance asynchronous fault-tolerant and resilient I/O to allow

for the implementation of scalable applications.

• Provision Hierarchical Data Storage paradigm including main-memory, SSDs,

and persistent storage

• Provide network latency hiding technique to ensure high performance network

communication between I/O nodes

1.3 Motivation

As high performance computing becomes significant in data-intensive research, it is

critical to develop fast storage systems that complement the computational speed of the

hardware. Mainstream database systems have had the need for speed in recent times.

New development of database technologies focus on in-memory databases. Examples

of such systems are Oracle’s Timesten [21], IBM’s solidDB [22] and VoltDB [23] and
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SAPHANA [24]. However, these are reliant on SQL queries, which are not typical of the

demands of high-performance computing applications. An assessment of the Square-

Kilometre Array(SKA) project [25, 26] data management requirements shows that the

current data management technologies may not cope with the data rates anticipated for

processing and storing of the data. For instance, an average of 8 terabits per second of

data will be transferred from the SKA telescopes, while the SKA observatory(SKAO)

will archive 710 petabytes of data per year [26]. The upgraded Tile Calorimeter of the

ATLAS detector operated at the Large Hadron Collider (LHC) at CERN is estimated to

sustain ↑ 34TB/s of digital throughput [27]. These and other large data acquisitions

and storage requirements in other sciences have motivated the need for new research in

data management technologies. Many such complex scientific applications and large-

scale computing systems demand substantial persistent storage alongside extensive in-

memory data processing capabilities at exceptionally high speeds. These needs can

only be met with large-scale parallel processing and in-memory resident data storage.

The key research problem definition is whether an I/O subsystem can be configured

to match the computational speed and how to configure the system for a large number

of I/O nodes; how to address fail-over and fault tolerance such that failed nodes do

not halt a job which has been running for days or even weeks or months, as well as

attaching more than one parallel hybrid application to the same set of I/O nodes.

The goals and objectives of this thesis are in the design, implementation, performance

analysis and application usage of an elastic in-memory data storage that leverages the

PGAS computational model based on MPI [28, 29] and the Berkeley-UPC [30]. The

project seeks to develop a scalable high-performance data management technique that

provides support for high-performance accesses to large datasets efficiently to enhance

application performance in limiting I/O bottleneck. The main idea is to configure

hundreds and thousands of nodes into a cluster that combines a substantial portion

of the physical memories of the compute nodes into a logical global memory for in-

memory data storage and processing. Similar ideas have been explored in the RAM-

Cloud [31, 13] concept. However, the approach of this study is different in the sense

that:
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• It leverages MPI-UPC as the main model of computing and use libraries such as

GASNet, Data-spaces [32, 33] for one-sided communication (directly accessing

memory locations in another process without the need for explicit coordination

or synchronization) and memory-to-memory data-copy respectively.

• The study focuses initially on applications that utilise hybrid programming with

MPI and UPC. This will later be extended to accommodate applications that use

MPI-OpenMP and MPI-OpenShmem hybrid programming.

• The target applications are those that conduct big-data analytics and processing,

as well as process streaming data.

Moreover, whereas RAMCloud focuses on web-based applications as well as cloud

storage systems [13], EPGASS focuses on high performance computations with the aim

of enhancing memory usage for faster performance and application processing, thus

enabling various complex data manipulations, particularly in scientific applications.

Unlike RAMCloud that has specialised design protocols for interconnects hardware,

the study leverage on the capabilities of Remote Data Memory Access (RDMA) capa-

ble interconnect such as Infiniband or 10 GbE switch running RDMA over Converged

Ethernet (RoCE) [34] or Internet Wide Area RDMA Protocol (iWARP) [35].

1.4 Main Contributions

The major contribution of this thesis is the design and implementation of elastic in-

memory data storage that leverages the PGAS model of computing. The main results

being reported include the following.

• The implementation of an Elastic PGAS

• I/O benchmarks of EPGASS architecture and storage approach

• An analytical and experimental performance analyses of EPGASS approach.

• The implementation and application usage in large index schemes such as k-d

Trees, LSD-Tree with EPGASS
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• The application of EPGASS to dense matrix-matrix multiplication. The thesis also

presents a novel approach to block dense matrix-matrix multiplication, which

limits the number of data movements and, thereby reducing internode network

latencies. This is referred to as the single-matrix block shift matrix multiplication

(SMBS) algorithm

1.5 Organisation Of Thesis

The rest of the Thesis is organised as follows: Chapter 2 presents the background and

related work on parallel I/O as well as data management and storage techniques em-

ployed in today’s scientific applications. The chapter further discusses the different

programming models used in many scientific applications. Chapter 3 presents the de-

tails of the EPGASS architecture as it pertains to the methodology and discusses the

various components as well as the software leveraged in the design and implemen-

tation. Chapter 4 discusses performance evaluation techniques and I/O Benchmarks

used for the evaluation of the system. In Chapter 5, the study presents the application

and performance evaluation of a block dense matrix-matrix multiplication based on the

EPGASS. Chapter 6 explores the application of EPGASS with large multidimensional

index-based structures, such as the k-d Trees. Chapter 7 provides a summary of this

thesis, along with a description and direction of future work.
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Chapter 2

Background And Related Work

2.1 Introduction

As new challenges emerge in HPC and scientific computations, scientists have sought

better and efficient ways of addressing them, particularly where it involves very large

datasets. The hybrid approach to solving problems in HPC has been explored exten-

sively in the literature [36–40] . It is widely believed among the HPC community that

this approach is one of the sure paths to Exascale computing [41, 40]. The hybrid archi-

tecture of HPC systems, which could be characterized by distributed memory across

nodes and shared memory with non-uniform memory access within each node, drives

the development of hybrid approaches to problem-solving. The hybrid MPI+UPC ap-

proach discussed here (Section 2.2.3) exemplifies how combining paradigms can ad-

dress communication overheads and scalability challenges, while aligning with the

hardware realities of modern clusters. Within the EPGASS environment, applications

stand to benefit from the advantages offered by this hybrid programming approaches.

One key to reduced communication is with the use of RDMA that decouples inter-node

data communication from the CPU. As such, an RDMA capable network is essential to

the EPGASS configuration. Meanwhile, I/O bandwidth still poses challenges to fast

computation. Section 2.2 examines the HPC programming models, after which I/O

and data management concepts are discussed.



Chapter 2. Background And Related Work 10

2.2 High Performance Programming Models

2.2.1 The Message Passing Model

MPI is one of the widely used and highly optimized parallel programming models

used in the majority of high-performance computing systems [41]. It has been lever-

aged to solve numerous scientific problems, including molecular dynamics, 2D finite

difference, atmosphere-modelling, as well as several simulations in many disciplines.

The MPI standard supports two-sided messaging, enabling pairs of processes to ex-

change messages using Send and Recv, along with a range of powerful and efficient

collective operations. Recent versions of the MPI standard support for one-sided mes-

saging, which allows processes to remotely access designated memory segments of

other nodes. As a result, processes collectively expose memory windows for remote ac-

cess, which can be accessed by other processes in either active or passive target modes.

In active mode, the host explicitly synchronizes its memory window during accesses,

whereas in passive target mode, remote processes can access the window with no direct

dialogue from the host.

The current MPI passive mode offers a model akin to UPC’s global address space pro-

gramming model. However, although it allows one-sided access to remote memory, it

imposes stricter limitations compared to a global address space regarding consistency,

coherence, and synchronization properties [42, 43]. The restrictions, however, have al-

lowed MPI-2+ to be widely implemented on a range of systems, which include those

lacking cache-coherent memory architectures. However, the portability constraints hin-

der programmers from fully leveraging the productivity and performance benefits of-

fered by the hardware, particularly on systems with memory coherence. Further, sev-

eral data-intensive computations have memory (storage, for that matter) requirements

which go beyond that of single compute nodes, and can leverage on distributed shared-

memory approach.

2.2.2 The Partitioned Global Address Space Model

The partitioned global address space (PGAS) is a parallel programming model that as-

sumes a global memory address space, which is logically partitioned and distributed
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among processors, such that portions are local to each process or thread [44]. Segments

of the shared memory space may have affinity to a particular process or thread, which

allows the process to leverage the locality of reference. Examples of PGAS model lan-

guages and libraries are the Unified Parallel C (UPC) [30], UPC++ [45], Fortress [46],

Chapel [47], X10 [48], and Coarray Fortran [49], as well as Global Arrays [50]. The

thesis discusses details of UPC, which is explored in this research, in the next sec-

tion. PGAS aims to merge the benefits of the Single Program, Multiple Data (SPMD)

programming model used in distributed memory architectures (such as in MPI) with

the data-referencing paradigm of shared-memory systems. Unlike a traditional shared

memory model with a single flat address space, PGAS provides a more practical ap-

proach by allowing the address space partitioning to reflect hardware-specific data lo-

cality. This study leverages the UPC Runtime to provide dynamic distributed global

shared memory for application processing.

Unified Parallel C

UPC is an explicit parallel extension of ANSI C designed for high performance comput-

ing on large-scale parallel machines for distributed shared memory parallel program-

ming [30]. It is based on the PGAS model, combining the programming simplicity of

the shared memory paradigm with the scalability of the distributed memory paradigm.

UPC offers an abstraction of a global address space that is evenly distributed across

threads. Each shared data element in UPC is associated with a specific processor, and

the model provides this data locality information to programmers, enabling them to

optimize performance. Shared data can be accessed using built-in language-level fea-

tures or through explicit one-sided communication operations. Users can access any

data in the global address space, regardless of its location, without requiring explicit

assistance from the owning thread/processor.

UPC utilizes the Global-Address Space Networking (GASNet), a high-performance

communication software interface that is both network- and language-independent for

high performance communication. Serving as the primary communication layer for

UPC, GASNet delivers high performance, interface portability, and expressiveness for
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the UPC language. The GASNet interface is divided into the GASNet core API as well as

the GASNet extended API. The core API is based on the Active Message paradigm [51].

UPC Code UPC COMPILER

Compiler Generated Code (C, asm)

Language Runtime System

Network Hardware

GASNet Communication System

GASNet Core Language -
independent

Compiler -
independent

Network -
independent

Platform -
independent

FIGURE 2.1: High-level system diagram of the UPC Compiler – designed
for Portability [52]

As an extension of ANSI C, UPC provides a tunable approach to optimize performance.

A programmer can begin with a sequential program, convert it into a basic shared-

memory implementation, and then incrementally improve performance by optimizing

data locality, adjusting array distributions, and relaxing the memory model [41]. The

programmer can further optimize performance-critical sections of the code by employ-

ing explicit memory management, one-sided communication, and fine-tuning data dis-

tribution and locality control. Unlike MPI, UPC’s model assumes memory coherence

and supports fine-grained, asynchronous communication and dynamic distributed data

structures, which pose challenges in the MPI-2 model. The MPI model is typically

regarded as offering one-sided messaging rather than implementing a global address

space [41], which is very much needed in memory constrained applications. Figure 2.1

highlights the basic layout of the UPC Compiler.
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FIGURE 2.2: UPC memory layout highlighting partitioned storage –
Shared Global address space and Private spaces.

UPC’s memory layout consists of the private address space which is for an individual

thread’s private data and also the shared space. Figure 2.2 depicts the memory layout

of UPC. Memory space is divided into partitions, with each partition Pi associated with

thread i. The “shared” qualifier is used to access the global memory. Private variables

are accessible by only one thread and offer performance benefits compared to shared

variables [52], since they are readily accessible by the thread locally without remote ac-

cess. UPC simplifies data distribution through the use of a distributed shared memory

model. For example, to evenly distribute an array of size N in UPC, the user declares

the array as “shared”, and UPC automatically distributes it among threads in a round-

robin manner. However, UPC lacks support for process groups and its distributions do

not offer the flexibility required to allocate distributed shared arrays across a subset of

processors. The hybrid MPI-UPC model, which offers the best of both MPI and UPC is

discussed in Section 2.2.3.

2.2.3 The Hybrid MPI+UPC Model

As new challenges emerge in HPC and scientific computations, scientists continually

seek for better and efficient ways of addressing them. The hybrid approach to problem-

solving in HPC has been adopted by scientists as an effective model for problem-

solving because the model combines the best of several individual models to provide a

unified approach to a solution.
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The hybrid MPI+UPC programming model is one of such hybrid approaches to parallel

computation that couples MPI and UPC in a program. This grants MPI programs access

to a large, distributed shared global address space, offering notable advantages over

MPI-2’s one-sided communication. Additionally, UPC programmers can leverage an

extra level of locality control to create multiple UPC spaces interconnected through

MPI. As UPC is an extension of the C language and MPI is a library, the model can be

described as a UPC program that invokes MPI library routines. The hybrid program

is compiled using a UPC compiler and linked with MPI libraries. MPI requires large

granularity for efficiency, as small messages incur high costs due to the fixed startup

overhead latency associated with each communication. Thus, in this hybrid model,

MPI is utilized for outer parallelism, while UPC is utilized for inner parallelism.

Dinan et al. categorized the MPI+UPC hybrid model into three submodels: Flat, Nested

Funnel, and Nested Multiple. These classifications are based on the degree of nesting and

the number of instances. The Flat model represents a non-nested setup with shared

execution of MPI and UPC. In this model, each process participates in both MPI and

UPC, possessing a unique MPI rank and a UPC thread identifier. The Nested Funnel

and Nested Multiple models are nested configurations in which multiple UPC threads

are initiated within a single MPI environment [41]. The communication within UPC

processes or groups is managed exclusively through UPC, while intergroup commu-

nication is facilitated by MPI. Figure 2.3 illustrates the schematic layout of the various

models.

A hybrid MPI+UPC program can be parameterized using both UPC thread identifiers

and MPI ranks. The model utilizes the UPC constants THREADS and MYTHREAD,

which specify the number of UPC threads during UPC program runs. Furthermore,

each process in the outer MPI execution has a rank within the MPI WORLD commu-

nicator. As multiple UPC groups are launched in the nested model, the execution is

further parametrized by a group rank and the number of groups. The hybrid execution

can thus be fully described by the group, UPC THREAD ID, and MPI rank [41],

ID = ↔idgroup, idUPC, idMPI↗
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(A) Flat (B) Nested-Funneled (C) Nested-Multiple

FIGURE 2.3: MPI+UPC hybrid execution models.
smallThe grey circles denote hybrid MPI+UPC processes, while the

white circles represent UPC-only processes.

and by the number of UPC groups, UPC group size and MPI communicator size,

N = ↔ngroup, nUPC, nMPI↗

EPGASS leverages on this hybrid models to provide a fast, efficient storage mechanism

for scientific computations and in-memory storage.

2.3 I/O in Parallel Computing

Parallel I/O can be implemented in a programming paradigm as operating system-

based or library-based. The OS-based interfaces are advantageous since they have di-

rect access to low-level operating system services. Nonetheless, they face portability

challenges, as operating systems differ between vendors.

Parallel I/O subsystems generally comprise multiple layers, including middleware li-

braries and hardware components. In modern HPC systems, the typical parallel I/O

stack includes high-level I/O libraries and file formats (e.g., HDF5, NetCDF, ADIOS),

I/O middleware (e.g., MPI-I/O, POSIX), parallel file systems (e.g., Lustre, GPFS, Or-

angeFS), as well as storage and I/O hardware [53]. Scientific applications typically

utilize I/O to accomplish tasks such as storing numerical simulation outputs for sub-

sequent analysis, loading initial conditions or datasets for processing, check-pointing

to save application states in case of system failures, and employing ‘out-of-core’ tech-

niques for handling data volumes that exceed system memory capacity. The challenge

with I/O is that scientific problems are increasing becoming data-intensive, involving
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“big” data which require fast and efficient access. Some simulation applications can

require several terabytes of data, and possibly generate several petabytes of data.

Parallel I/O, which enables distributed file access by partitioning datasets across mul-

tiple storage nodes, supports concurrent access by multiple tasks within a parallel ap-

plication. It has been extensively explored in the literature [54–60] to enhance I/O

performance. Parallel file systems offer a unified and transparent interface, enabling

application programs to access files over the network as if they were on a local disk.

Their support for concurrent, independent access enhances scalability and boosts I/O

performance.

2.3.1 Parallel File Systems

The Parallel Virtual File System (PVFS) [54], now known as OrangeFS, as well as the

BeeGFS (formerly known as FraunhoferFS) [60] are among the parallel file systems that

will be considered in this thesis. OrangeFS is optimized for large-scale cluster comput-

ing, emphasizing high-performance access to large datasets in parallel applications [54].

It offers a consistent namespace throughout the cluster, supports user-controlled data

striping across disks on separate I/O nodes, and facilitates existing binaries to use Or-

angeFS files without requiring recompilation [54]. As with many parallel systems, Or-

angeFS is a client-server system with multiple servers, called I/O daemons. These I/O

daemons essentially run on separate nodes (referred to as I/O nodes) with disks at-

tached. Each OrangeFS file is then striped across the disks on these I/O nodes. A

client library facilitates application processes in interacting with OrangeFS and enables

high-performance access through the Message Passing Interface (MPI). Additionally,

OrangeFS includes a manager daemon responsible solely for metadata operations, such

as permission checks for file creation, opening, closing, and removal [54]. The pvfs-

client process enables the file system to be mounted and utilized with standard Unix

utilities.

BeeGFS is a high-performance parallel file system initially developed at the Fraunhofer

Center for High-Performance Computing, featuring a distributed metadata architec-

ture. BeeGFS is designed to deliver the scalability and flexibility needed to support the

most demanding HPC applications of today [60]. It offers a user-friendly integrated
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graphical administration interface, automated cluster installation and setup, real-time

usage statistics and health monitoring, a patchless client kernel module compatible

with modern vanilla kernels, and built-in mirroring support. Figure 2.4 highlights a

general layout of the BeeGFS which is typical of distributed parallel file systems.

Other distributed file systems include the Gluster [61] and Lustre [62] file systems. Lus-

tre is designed for large-scale cluster computing, delivering high-performance file sys-

tems for small workgroup clusters to extensive, multi-site deployments. The Lustre

file system is highly scalable, capable of supporting tens of thousands of cluster nodes

with tens of petabytes (PB) of storage across hundreds of servers, and over a terabyte

per second (TB/s) of aggregate I/O throughput.

Similarly, GlusterFS is a scale-out network-attached storage file system designed for

high-performance computing. GlusterFS aggregates multiple storage servers using

Ethernet or Infiniband RDMA interconnects to form a unified, large-scale parallel net-

work file system. It consists of client and server components, where servers are de-

ployed with one or more storage bricks (an abstraction of disks). Each server runs a

glusterfsd daemon to manage and export these bricks, forming a volume that can be

accessed by clients. The glusterfs client process communicates with servers using a

custom protocol over TCP/IP, InfiniBand, or the Sockets Direct Protocol.

FIGURE 2.4: Internal system architecture of BeeGFS, illustrating the in-
teraction between its core components, including the metadata servers,

storage servers, and client interface. [60]
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Despite the advances in I/O performance improvements by parallel I/O systems, data

access in these disk-based data storage in parallel environments remains costly and

poses challenges to application performance and throughput for parallel applications.

A RAM-based storage system provides a much faster and efficient storage for appli-

cations, since accessing data from RAM is faster by several orders of magnitude (↘

1000→) [63] than accessing data from disk. Ousterhout et al. [63] proposed the RAM-

Cloud concept, which is a DRAM-based storage system. Section 2.4.2 will provide a

brief overview of the RAMCloud strategy as well as differences with EPGASS.

2.3.2 Parallel I/O Middleware

Parallel I/O is a technique that enables simultaneous data access on disk from multi-

ple application processes to optimize bandwidth utilization. Accessing data in parallel

from I/O can be a complicated process for the programmer. For instance, writing data

in parallel while ensuring that the output does not suffer from race conditions may re-

quire explicit offset calculations or file locking semantics. To streamline this process,

various parallel I/O middleware solutions abstract away the complexity from the ap-

plication.

FIGURE 2.5: Parallel I/O Stack
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MPI-I/O

MPI-I/O is a standardized and portable interface for parallel I/O, which is part of the

MPI-2 standard, offering a low-level mechanism for performing parallel I/O opera-

tions [64, 65]. MPI-I/O includes features specifically tailored to meet the I/O require-

ments of parallel scientific applications efficiently. Positioned between the underlying

parallel file system (which enables concurrent operations by MPI-I/O libraries) and the

application or a high-level I/O library, MPI-I/O serves as an intermediary layer.

It is designed as an interface for a number of processes in a parallel (MPI) application

to read from or write to different parts of a shared file. To achieve this, MPI-I/O im-

plementations are typically built to leverage a parallel file system supporting shared

access to a common file by multiple processes. High performance parallel I/O is made

possible by allowing all processes to simultaneously access and modify distinct parts

of the shared file.

MPI-I/O exposes POSIX-like interfaces for performing read/writes to files. For in-

stance, the interface MPI_File_open takes an MPI communicator that specifies the group

of processes that will access the file as the first argument, followed by the file name.

After successfully opening the file, a process can access and read its designated portion

of the data independently. MPI-I/O facilitates both blocking I/O, where read/write

operations wait until completion, and non-blocking I/O, which allows overlapping

I/O with computation or communication. ROMIO [66, 67] is a high-performance and

portable implementation of MPI-I/O, that is specifically engineered for non-contiguous

file access patterns that are frequently encountered in parallel applications. It is de-

signed for compatibility with any MPI implementation and includes an optimized col-

lective I/O mechanism. ROMIO serves as the foundation for many MPI-I/O imple-

mentations, variants of which are implemented in Cray, IBM’s Blue Gene drivers, and

OpenMPI MPI-I/O implementation. A generic sample code block for MPI-I/O opera-

tions is illustrated in listing 2.1.
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MPI_File myfile;

MPI_Status mystatus;

MPI_Comm_rank(MPI_COMM_WORLD, &rank);

MPI_Comm_size(MPI_COMM_WORLD, &nprocs);

buffersize = FILESIZE / nprocs;

numints = buffersize / sizeof(int);

MPI_File_open(MPI_COMM_WORLD,

‘‘/mnt/pfs/datafile’’, MPI_MODE_RDONLY, MPI_INFO_NULL, &myfile);

MPI_File_seek(myfile, rank * buffersize, MPI_SEEK_SET);

MPI_File_read(myfile, buf, numints, MPI_INT, &mystatus);

MPI_File_close(&myfile);

LISTING 2.1: MPI-I/O Code fragment

Writing data in MPI-I/O can be performed in two modes: independent and collective

I/O modes [65]. In the independent mode, each process writes to the file indepen-

dently with no coordination from other processes in the program. In contrast, collec-

tive I/O involves gathering data at a few aggregator processes, which then write them

to storage. The collective I/O mode is especially beneficial when there are many MPI

processes, as it helps mitigate I/O performance degradation caused by excessive file

system requests.

UPC - I/O

The UPC-I/O library is developed to integrate seamlessly with the UPC programming

environment and builds on the foundations of MPI-I/O [68]. Unlike MPI-I/O, all UPC-

I/O calls are collective and, thus, are invoked by all processes simultaneously [68]. The

library facilitates both contiguous and non-contiguous data access. Collective tasks can

be performed on shared or private buffers with individual or common file pointers.

When a common file pointer is used, each thread is positioned in the file relative to that

pointer based on their thread ID [52]. In contrast, with individual file pointers, each

thread has its own pointer progressing through the file independently.

UPC-I/O inherently provides support for weak consistency as well as atomicity se-

mantics. When data is written to storage by a thread, it is only visible to other threads
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after all threads have closed the file collectively or synchronized their operations. These

semantics ensure a balance between performance and correctness in parallel I/O envi-

ronments.

2.3.3 The Adaptable I/O System (ADIOS)

ADIOS represents a multi-component and modular architecture I/O framework that

delivers high I/O performance results on computer clusters. ADIOS has been demon-

strated to deliver over a 1000→ performance improvement over many well-known par-

allel file formats [69]. The ADIOS architecture uses a layered design approach to pro-

vide multiple I/O transport methods. This offers scientists the flexibility to choose the

most suitable I/O method for various computing infrastructures with minimal modi-

fications to existing applications, leveraging a suite of application programming inter-

faces (APIs). These APIs provide seamless methods to interface and use the underlying

I/O of various computer systems. Rather than passing metadata as API arguments, all

necessary metadata is stored in an external Extensible Markup Language (XML) con-

figuration file. This ensures that the configuration is readable, editable, and portable

across different machines. The latest version, ADIOS 2, offers unified application APIs

with an abstraction layer designed to streamline data production and usage in scientific

applications, thereby minimizing the cost of integrating various data transport tech-

nologies [70].

FIGURE 2.6: Basic layered design of ADIOS 2 highlighting how the in-
ternal architectural layers map to the standard Open Systems Intercon-

nection (OSI) model abstraction [70]
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2.3.4 Parallel I/O Challenges

Check-pointing or visualising data from a serial program may be relatively straightfor-

ward. However, it could be difficult to coordinate the writing and reading processes in

a parallel application. This has led to many proposed strategies with different benefits

and drawbacks. Figure 2.7 illustrates three (3) common approaches to handling data

in parallel. In Figure 2.7a, each rank writes its own distinct data file; Figure 2.7b all

processes send their data to a single “writer” ; and Figure 2.7c each process writes their

data concurrently to the same file. Figure 2.7a usually achieves the fastest performance,

but is the most difficult to manage. This could be the most effective approach if the

program is consistently executed the same way with the same number of processes.

However, data reload becomes computationally costly and complex if the application

is launched on a different number of cores (e.g., initially run on P processors, writing

M files, before data is reloaded from M files, but on N processors).

Figure 2.7b showcases a scenario in which the parent process serves as a standalone

writer, consolidating the data into a single file as well as transferring across during

a problem reload. Although this method is the simplest to manage, it is also the least

efficient. The program benefits from increased parallelism, but the I/O process remains

a serial bottleneck for the entire application run.

One of the most common approaches used in simulation programs is illustrated in Fig-

ure 2.7c. The method offers a balanced trade-off between performance and ease of

management. It aligns with the design of many parallel file systems, and several com-

munication libraries provide standardized APIs to facilitate how data is handled with

this technique.
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FIGURE 2.7: Fundamental approaches for handling I/O in parallel ap-
plications

2.4 Distributed In-Memory Systems

In-memory computing is an approach to drive superior application performance by

having large amounts of data reside in-memory, which allows for faster processing

by various algorithms and frameworks. The overall goal of in-memory systems is to

improve CPU – I/O performance. In-memory systems are, however, constrained by

the amount of memory available on a single node, especially for large data processing

tasks. Distributed memory parallel systems comprise multiple processing nodes con-

nected by a high-speed network. Each node contributes its processing power and local

memory for the overall processing of applications. In a distributed memory system

without shared access, each processor can only access its local memory, with a messag-

ing system that facilitates data transfer across the network between processors. In a

shared system, however, each node has access to its local memory storage as well as re-

mote access to portions of memory from other nodes. The distributed shared memory

in this case provides a large memory pool for seamless large in-memory data process-

ing for applications. Some examples of distributed in-memory systems include Alluxio,

RAMCloud, and Memcached.
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FIGURE 2.8: Diagram of the distributed shared memory abstraction, de-
picting the mapping of memory across multiple compute nodes into a

single global address space accessible by all processes.

2.4.1 Alluxio: A Virtual Distributed File System

Alluxio is a virtual-distributed storage system that aims to bridge the disparity be-

tween computational frameworks and storage systems, allowing applications to ac-

cess multiple storage infrastructure through a unified interface. It functions as a dis-

tributed shared caching service, enabling compute applications to transparently cache

frequently accessed data, particularly from remote locations, to achieve in-memory I/O

throughput. Furthermore, Alluxio’s tiered storage, which utilizes both memory and

disk (SSD/HDD), offers a cost-effective solution for elastically scaling data-driven ap-

plications [71]. Applications interact with Alluxio through a standard interface, access-

ing data from a unified source to ensure both high performance and seamless integra-

tion of applications. Furthermore, Alluxio adopts a memory-first tiered architecture,

which enables data access at significant speeds [71].
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2.4.2 The RAMCloud

RAMCloud is a storage system which stores data in the main memory of commodity

servers and scales by utilizing hundreds or thousands of these servers to form a large-

scale storage infrastructure [63]. As noted by Ousterhout, DRAM-based storage is not

only faster than disk or flash for I/O-intensive workloads but also more cost-effective

and energy-efficient. In RAMCloud, DRAM serves as the primary storage for data,

while disk is utilized solely for persistence and backup. Ousterhout et al. [63] esti-

mated that access latencies of 5µs to 10µs can be achieved end-to-end for an application

server process reading a few hundred bytes of data over a network. The primary objec-

tive of RAMCloud is to aggregate DRAM from commodity servers to provide greater

performance for data-intensive applications. Figure 2.9 depicts a typical architecture of

RAMCloud.

FIGURE 2.9: RAMCloud Architecture [63]

RAMCloud was motivated by the fact that if all data resides in RAM, applications can

access them at memory speeds, and thus allow for complex data manipulation and

analysis. While RAMCloud offers higher throughput for applications, it is specifically

designed for cloud environments, focusing on aggregating the available RAM across
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large clusters to host large amounts of online data, catering to the demands of large-

scale web applications [31]. The objective is to deliver efficient RPC APIs and high I/O

performance through the use of specialized protocols and optimized network infras-

tructures [31]. Luo et al. [31] noted that achieving low round-trip network latency on

the scale of microseconds may require costly InfiniBand switches. For most data centres

using Ethernet/TCP/IP-based network infrastructures, deploying such a RAMCloud

system to achieve higher throughput would be challenging. Furthermore, it is not clear

how RAMCloud will perform in the face of increasing complex HPC applications and

scientific computations.

2.4.3 Memcached

Memcached is an open-source system for distributed memory object caching. Though

designed primarily for web applications, Memcached could be used as a general-purpose

caching system. Memcached caches data and objects in memory to reduce the need for

frequent access to external databases or APIs, thereby improving application perfor-

mance and efficiency. In the Memcached system, each item consists of a key, an expira-

tion time, optional flags, and raw data [72]. When a data request is made, Memcached

verifies its expiration time to ensure validity before returning the requested data. By

default, Memcached uses the Least Recently Used (LRU) cache with expiration time-

outs. When the server runs out of memory, it first replaces expired items. If additional

memory is still required, Memcached evicts data items that have not been accessed for

a specified duration (equal to or longer than the expiration timeout), prioritizing the

retention of recently accessed information in memory for quick retrieval.

Memcached has four basic components:

• Client software, which gets the list of available Memcached servers.

• A client-based hashing algorithm: this chooses a server based on the key input.

• Server software, storing the data values with their keys in an internal hash table.

• Server algorithms, which define when to discard old data or reuse memory.
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FIGURE 2.10: Sample Memcached setup

2.4.4 DataSpaces

DataSpaces is a data management framework designed for integrated program work-

flows on large-scale systems. It is built to facilitate dynamic engagement and coordina-

tion patterns among scientific applications, offering a semantically specialized shared-

space abstraction through a set of staging nodes. DataSpaces offers services such as a

distributed in-memory associative object store, scalable messaging, and runtime map-

ping and scheduling for online data analysis operations [33, 32]. It enhances overall

data access performance by leveraging memory layers across distributed computing

nodes to enable in-memory persistent data storage while managing data placement

across server nodes and various storage tiers, including DRAM, NVRAM, and SSD. It

has been integrated with the ADIOS2 framework, which is distributed by Oak Ridge

National Laboratories. The current layered architecture of DataSpaces uses Mercury as

the communication layer. Mercury is a remote procedure call (RPC) framework tailored

for HPC systems that utilize high-performance network fabrics. The implementation of
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the network is abstracted to optimize the use of native transports and facilitate seamless

portability to a wide range of systems, including future platforms [73].

Margo RPC Library

Distributed In-memory Object Store

Coordination & 
Data Sharing

Scalable 
Messaging

Mapping & 
Scheduling

Programming Abstraction

Coupled Scientific Workflow Applications

FIGURE 2.11: DataSpaces architecture showing the structured layers and
components – the distributed in-memory associative object store, scal-

able messaging, as well as the runtime mapping and scheduling.

2.5 Memory mapped file I/O

Memory-mapped file I/O is another technique which allows efficient work with a

large file, without mapping the whole file into memory. In modern operating systems,

memory-mapped I/O (MMIO) is a key access technique that associates a file or file-

like resource with a segment of memory [74]. This memory-map allows applications

to interact with the files through memory semantics. The advent of low-latency Non-

Volatile Memory (NVM) storage has brought renewed attention to memory-mapped

file I/O as a method to reduce software overhead and achieve high throughput. A seg-

ment of virtual memory is directly mapped to a corresponding byte-for-byte portion

of a file or a file-like resource. Using the mmap system call to map a file onto the user

memory space allows users to access the file directly as if it were data in memory [75].

This approach eliminates the need for a complex I/O stack in existing operating sys-

tems and avoids user/kernel mode switches associated with read/write system calls.



Chapter 2. Background And Related Work 29

As a result, user/kernel mode switching is significantly reduced. Furthermore, no data

copying is required between the kernel space and the user space, thus minimizing over-

head. For these reasons, the mmap system call is likely to become a pivotal interface in

the future [76, 74]

2.6 In-memory Databases

High performance computing infrastructures enable large-scale scientific applications,

analytics, and work-flows to run with increased complexity, as well as improved ac-

curacy and granularity. With the explosion of data and improvement of in-memory

data technology, there is a major shift to in-memory data processing; driving several

research to strategically leverage in-memory computing to effectively process and ac-

cess data from massive stores. Advances in parallel computing and CPU speeds which

have further widened the CPU–I/O speed gap have further motivated the use of in-

memory computing in many aspects. Apache Ignite [77], for example, is a distributed

Database for High-Performance Computing designed to process databases with in-

memory speed. It uses a multi-tier storage system including memory, and scales hori-

zontally across memory and disk tiers, providing for fast data accesses. Other vendor

developments leveraging in-memory computing include: Oracle’s Timesten [21] and

SAP-HANA [24]. In-memory computing and data processing provides the means to

store and process data in RAM distributed across clusters of computers, providing for

high-speed data accesses. This high-performance architecture is rapidly emerging as

the preferred approach for modern big-data and fast-data applications.

2.7 Summary

In this chapter, the thesis explores some of the various techniques and tools that are be-

ing used today to drive the high-performance and in-memory data processing agenda,

including MPI for message passing, UPC for distributed shared-memory program-

ming, and their respective configurations for high throughput and computational ef-

ficiency. The chapter further discusses distributed in-memory systems such as Alluxio,

Memcached, DataSpaces and the RAMCloud which have been developed to leverage
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in-memory computing, and improve computational efficiency for diverse applications

and systems. Although RAMCloud has been developed to enable in-memory data pro-

cessing, it focuses on large-scale web applications rather than complex scientific com-

putations. Additionally, while message passing is one of the most popular paradigms

for parallel programming, it does not provide a global address space, which limits its

ability to handle dynamic, irregular data structures (e.g., trees) efficiently across pro-

cesses. In addition, the need for explicit communication between processes could lead

to potential error-prone code, especially in complex applications with many communi-

cation patterns.

The thesis proposes the EPGASS architecture which provides a similar concept as the

RAMCloud for in-memory computing, but uses industry standard HPC tools to pro-

vide a distributed DRAM-based storage for scientific application and big-data analytics

leveraging commodity hardware and low-cost network. This study considers the use of

10 Gigabit Ethernet (GbE) switch instead with RDMA over Converged Ethernet (RoCE)

or Internet Wide Area RDMA Protocol (iWARP) with an Ethernet network. A 10 GbE

Ethernet provides a cost-effective network, while leveraging RDMA for Remote Mem-

ory access (RMA) and provides ease of use for existing scientific applications. However,

when Infiniband is used, the system effectively leverages the use of APIs for RDMA.

The details of the EPGASS system architecture including software stack and design

goals are discussed in Chapter 3.
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Chapter 3

The Elastic Partitioned Global

Address Space System

3.1 Introduction

The Elastic Partitioned Global Address Space Storage (EPGASS) is an in-memory data

storage system based on the Partitioned Global Address Space model of computation.

The architecture is made up of a cluster of nodes using commodity hardware, in which

a number of them are configured as data storage nodes, while the others are configured

as compute nodes. Large portions of the RAM segments of the storage nodes are aggre-

gated to constitute a shared logical global address space. The system is elastic in that the

number of storage nodes could be increased or decreased (i.e. dynamically adjusted)

for different sessions of application runs depending on the needs of the application at

any time.

3.2 Architectural Overview

This section discusses the system architecture of EPGASS and the rationale behind the

design choices. The general operational architecture is depicted in Figure 3.1. The basic

components include:

1. I/O Nodes, each of which has a large DRAM of the order of 10 ↑ 100 GBs

2. Compute Nodes
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3. High-Speed Network Interconnects (Infiniband or 10 GbE) ;

4. Solid-State Drives (SSDs)

5. Large capacity disks

In HPC systems, the technique of decoupling compute and storage enhances process-

ing efficiency and overall application throughput. The EPGASS architecture allows

improved allocation and utilization of storage and compute resources, while ensuring

cost savings with the use of commodity hardware. The two major challenges with this

architectural design are the performance impact due to lower bandwidth and higher

latency, especially access to remote storage, and the limitations of creating or modify-

ing an application against a particular storage interface. EPGASS mitigates the perfor-

mance impact of remote storage by managing the storage media of the computation

cluster and ensuring hot data locality for applications in memory.

The ADIOS system is adopted to ensure that applications can interact with any under-

lying storage interface without the need to directly implement storage-specific seman-

tics. Thus, this provides seamless integration and application usage for various storage

systems. The functions and features of EPGASS are further augmented with the high-

performance data transfers with DataSpaces [33, 32].

Figure 3.2 presents the software system stack for the EPGASS setup, depicting the major

components leveraged in the architecture, including UPC for elastic memory abstrac-

tion, ADIOS for I/O middleware, and MPI-IO/UPC-IO for interfacing with the parallel

file system.

3.2.1 Input/Output Nodes

The I/O nodes are configured with a parallel file system and used for persistent and

archival storage purposes. They provide storage services as well as interface between

compute and storage service nodes. The storage nodes implement a hierarchical stor-

age scheme including main memory (DRAM), fast solid-state drives (SSDs) and then
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slower disk (HDD) for archival storage. Storage systems are a key component for data-

intensive computing tasks such as large-scale scientific simulations, experimental or ob-

servational science, as well as many machine learning applications, which have gained

a lot of attention in recent times. Many of these applications have seen an increasing

need to process large volumes of data between tasks, typically achieved through the

storage and I/O system. Additionally, certain workflows may involve reading substan-

tial amounts of input data, such as initial conditions for starting a simulation, boundary

conditions for each simulation step, large training datasets, or Experimental and Obser-

vational Data (EOD) for comparison with simulation results or other purposes [78]. Ef-

ficient and quick access is key in all such cases to ensure a smooth and effective solution.

Slow storage I/O will have a negative impact on the overall performance of an algo-

rithm or simulation. Some applications, however, may require only a modest amount

of input data at the start of a simulation, along with additional data when resuming

from a previous run. This input data generally consists of parameters that establish the

initial conditions for the simulation, which may be utilized in the differential equations

that dictate the evolution of the simulated variables. In such scenarios, the input data

may be shared among the processors. The EPGASS architecture ensures this initial data

is loaded and stored in memory together with other outputs which will be referenced

as the application proceeds. Outputs from applications are also persisted to the stor-

age system I/O (SSIO). Using immutable storage specifically for input files can reduce

I/O overhead and enhance overall application performance. Additionally, as simula-

tions increasingly validate their results against experimental or observational data, it

becomes necessary to read data from various experiments to ensure the simulation ac-

curately reflects real-world conditions. For instance, in many fusion experiments, data

from numerous diagnostic instruments on fusion devices are ingested at the start of

a simulation. Over time, as fusion reactors expand and incorporate more diagnostic

instruments, each capable of collecting data at faster rates, the volume of data to be

processed continues to grow.

Simulations generate various types of output data, typically categorized into two groups:

defensive output for error recovery and productive output for scientific purposes. De-

fensive output often includes global checkpoint files, which store a consistent snapshot
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of the simulation state on persistent storage, enabling the application to restart in case

of premature termination. Productive output, on the other hand, consists of data rep-

resenting the current state of the simulation for scientific analysis. Often, defensive

output files also serve as productive output, as all data (e.g., from a combustion sim-

ulation like S3D [79]) may be required for comprehensive data analysis. Checkpoint

files, which contain all the information required to fully reconstruct the simulation’s

state, are typically larger than productive analysis output, which only summarizes key

features of the simulation. Consequently, as the data collected from experiments in-

creases, the volume of data passed to simulations grows proportionally [78].

In applications where checkpoint files are used for analysis, some simulations can gen-

erate petabytes of data in a single run, with future runs potentially producing numer-

ous such files, collectively reaching exabyte scales. For cases where checkpoint data

serves both productive and defensive purposes, users often adjust the check-pointing

frequency based on analysis requirements rather than error recovery needs. This often

results in more frequent check-pointing than the “optimal” rate recommended for error

recovery [80]. Additionally, application scientists may modify the check-pointing fre-

quency to ensure that I/O time remains a relatively small fraction of the total execution

time.

As parallel computing systems expand, there is increasing interest in shifting away

from writing checkpoints to global parallel file systems. Hybrid checkpoint schemes,

such as the Scalable Checkpoint/Restart (SCR) library [81] and the Fault-Tolerant In-

terface (FTI) [82], have gained significant traction and widespread acceptance among

application scientists. EPGASS leverages the Berkeley Lab’s Checkpoint Restart (BLCR)

[83] to provide seamless check-pointing and restart for applications.

The EPGASS I/O nodes include a range of commodity hardware, leveraging state-of-

the-art software such as low-level parallel file systems (OrangeFS, Lustre, or general

parallel file system [GPFS]), to provide improved capability, scalability, and robust-

ness which allow for larger volumes of data storage and processing as the needs of

the application work-flow may require. Leveraging a well-supported high-level I/O
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library enables efficient data sharing within a large scientific community [78]. Profes-

sional software development efforts can focus on creating high-quality data analysis

tools utilizing these I/O libraries. For instance, the climate science community uti-

lizes a wide range of data analysis tools to process petabytes of NetCDF files [84]; the

high-energy physics community employs an efficient data analysis framework based

on ROOT files [85]; and researchers in the fusion community frequently use ADIOS-BP

to exchange vast amounts of simulation data, amounting to many petabytes [56]. These

shared I/O libraries simplify the process of reading and writing large volumes of data

in parallel. EPGASS utilizes the Adaptable I/O System (ADIOS) [70, 69], offering a

straightforward and flexible method to describe data within code that may need to be

written, read, or processed externally from a running simulation or computation.

3.2.2 Compute Node

Compute nodes constitute the majority of the system and act as the primary workhorses,

delivering computation for applications. Compute nodes are responsible for acting on

data/tasks that are submitted and scheduled via I/O nodes. The data being processed

and the results of the processing are stored on the storage nodes. Modern commodity

hardware comes equipped with non-volatile random access memory (NVRAM) that

can be used for storing checkpoint files and frequently used input data (e.g., through

systems like DataWarp [86]. NVRAM enables faster writing of checkpoint data, re-

duces traffic to slower disk storage systems, and thereby enhances I/O efficiency and

overall application performance.

EPGASS conducts all computations using the aggregated distributed memory of these

compute nodes, including storing check-pointed files for recovery and fault tolerance.

Each storage node is also complemented with SSDs of reasonable capacity to temporar-

ily store memory resident data from applications should memory data become consid-

erable to fit all into distributed memory during an application run. The contents of each

RAM are temporarily persisted onto the SSDs attached to the nodes. These SSDs serve

as intermediary fast storage system for check-pointing and running programs. An al-

ternate configuration would involve using SSDs as the permanent persistent storage;
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however, due to limitation in capacity and expense of SSDs compared to HDDs, us-

ing them as interminably storage to improve performance of persistent writes and fast

data loading provides a cost-effective solution to the problem of persistent and data

durability.

The Berkeley Lab’s Checkpoint/Restart (BLCR) is used for the purposes of check-pointing

applications and ensuring resilience and fault-tolerance. The in-memory data are stored

persistently and made durable asynchronously during application runs.

The BLCR provides the following functionalities [83]

• Scheduling: Check-pointing enables a program to be paused at any point during

execution, allowing another program to run in its place. The original program

can then be resumed at a later time.

• Process Migration: If a compute node is at risk of crashing or needs to be shut

down for reasons such as routine maintenance or hardware upgrades, check-

point/restart enables processes running on it to be migrated to another node or

saved for resumption once the original node becomes available.

• Failure recovery: A long-running program can be periodically check-pointed, al-

lowing it to restart from a more recent execution point rather than starting over if

it crashes due to hardware failures, system software issues, or other non-deterministic

causes.

EPGASS integrates and leverages cluster state-of-the-art resource managers such as

OpenPBS, which optimizes job scheduling and workload management, while ensur-

ing system efficiency and user’s productivity. This ensures fast scheduling, scalability,

security, and resiliency, for the HPC infrastructure, middleware, and the software ap-

plication stack.
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FIGURE 3.1: Schematic Diagram of the Architecture of EPGASS high-
lighting the compute and I/O nodes setup with commodity hardware
which leverages PGAS model for in-memory application processing and

data storage

3.2.3 High-Speed Network Interconnects

High-speed interconnects are the backbone to HPC systems and a major contributor

to the overall performance. Communication plays a pivotal role in HPC applications.

It is required to gather results of a computation or distribute tasks among threads on

different or same node. HPC networks continue to improve significantly in perfor-

mance, and thus challenge system designers to provide storage performance capable

of efficiently leveraging and saturating the capacities available on the local network in-

terfaces. Modern HPC interconnects achieve latencies of about 90 ns to 1µs, with data

throughputs reaching several hundreds of Gbps [87–89]. The ability to aggregate tens

of GB/s of network bandwidth into a single storage node further provides increased

capacity, which requires a matching amount of storage bandwidth to produce an eco-

nomically efficient storage system. A significant percentage of HPC application time
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FIGURE 3.2: Software system stack of EPGASS highlighting the various
systems leveraged for applications and data processing

is spent on communication, especially in large scale data-intensive HPC applications.

Communication could take up to 55% or more of the total running time in such appli-

cations [90]. Slow communication network, especially internode communication, sig-

nificantly reduces the overall application performance. Advances in networking that

support hardware offloading of communications and allow CPUs to be fully dedicated

to computational tasks while communications are independently managed by network

hardware significantly reduce communication overhead in applications, ensuring in-

creased overall performance gains.

There are several HPC interconnects that implement varying technologies and schemes

to enhance performance. Today, some of the most powerful supercomputers are com-

posed of clusters using high-speed InfiniBand connectivity. EPGASS uses a high-speed

10/25 GbE network fabric with iWARP (Internet Wide-Area RDMA Protocol) support.

iWARP (Internet Wide Area RDMA Protocol) is a network protocol designed to enable

RDMA over IP networks [91]. RDMA enables direct memory access between nodes
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without requiring intervention from the operating system on either node (host by-

pass). This technology facilitates high-throughput, low-latency networking with min-

imal CPU usage, making it particularly advantageous for massively parallel compute

clusters. RDMA allows direct memory-to-memory data communication between ap-

plications over the network at high speeds. With remote direct-memory data access,

inter-node network communication overhead is significantly reduced to as low as 1–

2µs — enhancing overall application performance.

3.3 Hierarchical Storage Structure

EPGASS leverages a 3-tier storage hierarchy (Levels 1,2 and 3 illustrated in Figure 3.3)

to optimise storage performance, capacity, and cost. Level 1 consists of high-speed dis-

tributed system RAM which facilitates fast reads and writes. Large-capacity SSDs make

up the storage devices in Level 2. These fast SSDs improve performance of applications

with very large memory footprint by acting as large capacity caches for each node. In-

memory data is asynchronously flushed to the SSDs, which provide faster access to the

storage I/O infrastructure. Traditional large capacity disk drives, which constitute the

Level 3 layer, are the cheapest and much slower, and therefore used mostly for archival

purposes where necessary. For instance, for a simulation experiment, all computations

are conducted in-memory with data distributed across the various compute nodes.

Check-point files from such a simulation are stored in memory and asynchronously

persisted to SSDs as the simulation proceeds. The checkpoint files are retrieved from

the SSDs only when the memory resident data is unavailable and the system needs to

restore experiment to previous state. Simulation results are also persisted to SSDs and

subsequently to the slower large capacity disks.
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FIGURE 3.3: Hierarchical Storage Structure

3.4 Fault Tolerance And Recovery

Giving that large number of nodes and components interact with each other in large

scale HPC systems, faults are unavoidable. It is crucial for a system to recover from

faults transparently, without significantly impacting performance or compromising other

features. The system must be able to recover from failures as fast as possible with min-

imal impact on the normal application runs. EPGASS ensures low latency and fast

recovery by leveraging distributed data storage on fast SSDs. Data persisted to SSDs

are replicated asynchronously across multiple nodes while being persisted for archival

storage. In addition, the application of replication strategies such as Tailwind [92] fur-

ther provides a substantial improvement in replication throughput and response la-

tency. Tailwind is a zero-copy recovery-log replication protocol for scale-out in-memory

databases, leveraging one-sided RDMA [92]. This ensures fast and efficient data re-

trieval from storage needed to resume the application run.
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3.5 Summary of EPGASS Architecture

The shift toward many-core architectures increases the load and contention on the I/O

stack, posing significant performance challenges for I/O in parallel scientific applica-

tions. The generation, analysis, and management of numerous extreme-scale datasets,

combined with the advent of new storage and networking technologies, place addi-

tional strain on the storage capabilities of current HPC systems. Many large-scale scien-

tific experiments routinely write out immense amounts of petabytes of data on today’s

HPC systems. Such “big data” imposes steadily increasing pressure on the storage and

I/O systems. However, applications achieve significant performance gains when disk

I/O is minimised. I/O is widely recognized as a key performance bottleneck for both

large-scale scientific applications and data analysis, and this is expected to worsen with

increase in the disparity between computation and I/O capacity on emerging exascale

machines. Minimising I/O and leveraging distributed memory storage during compu-

tation with the EPGASS strategy, thus provides significant performance improvement

and gains.

The basic principle behind EPGASS architecture is the use of commodity hardware and

systems leveraging in-memory computing (IMC) to provide high performance I/O in-

stead of specialised and vendor-locked systems which could be difficult to manage,

and expensive to maintain in the long term. The architecture achieves high perfor-

mance by ensuring significant use of memory resident compute, leveraging the par-

titioned global address space paradigm. Dedicated compute nodes configured with

large DRAMs or NVRAMs, as well as SSDs; Storage I/O nodes enhanced with a hierar-

chical storage stack including a parallel file system and a high bandwidth interconnect

between nodes to provide performance enhancement especially for applications with

large memory footprint. Application checkpoint data is stored in-memory during ap-

plication run and asynchronously persisted through a hierarchical storage structure:

which includes high-speed memory to fast SSD and subsequently to relatively slower

disks where applicable. With EPGASS, applications with high memory footprint and

supporting high parallelism could achieve high throughput and performance gains by

minimising I/O usage during active computation.
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Chapter 4

EPGASS I/O Performance

Benchmark and Analysis

4.1 Introduction

The EPGASS system architecture aims to provide low latencies and high-speed fault-

tolerant data access in a distributed shared-memory storage infrastructure leveraging

the partitioned global address space model of computing and its high-performance

Global Address Space Networking (GASNet) library. This facilitates support for one-

sided, remote-memory-access (RMA) communication (i.e., Puts and Gets being used

RAM distributed physically across nodes), as well as sensitivity to the latency and over-

heads of fine-grained communication. The GASNet API supports two main modes of

communication: (1) a one-sided RMA which leverages the RDMA capabilities of un-

derlining network hardware, enabling their use to directly implement PGAS Put/Get

procedures on user data structures, and (2) a tailored Active Message (AM) interface to

allow extensibility and efficient management of the parallel runtime system. This study

established a minimal proof-of-concept infrastructure and conducted benchmarking

experiments to validate the system.

The study set up a twelve (12) node cluster codename “Jaguar cluster” with commod-

ity 8-core (2 threads/core) 2.40GHz Intel Xeon E5-2630 v3 processors each with 16GB

of RAM and 2 TB SATA HDD, running the Ubuntu 16.04 LTS (Xenial Xerus) operat-

ing system. Each node was configured with 32GB swap storage, as well as 500GB of
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storage space designated for data storage space for parallel file system. Each data node

was also augmented with 256GB Samsung 860 EVO SATA 3 SSDs to provide faster data

access in a hierarchical access pattern. The cluster nodes were interconnected by a sim-

ple, reliable, and high-performing star network topology using a 10GB Ethernet switch

connected to 10GB ports attached to Peripheral Component Interconnect Express (PCIe)

interfaces on each node.

The study set up EPGASS on the cluster leveraging various state-of-the-art HPC tools

such as MPICH2 with ROMIO: a high-performance portable MPI-I/O implementation.

ROMIO is optimized for non-contiguous access patterns, which are common in par-

allel applications. It has an optimized implementation of collective I/O which is an

important optimization requirement for parallel I/O. Additionally, the Fault-Tolerant

Backplane (FTB) was enabled, including support for distributed memory access with

the Berkeley Unified Parallel C (UPC) with remote memory access across nodes. For

this setup, the OrangeFS parallel file system was configured to provide scalable and

high-throughput I/O for the cluster.

The jaguar01 node, which is accessible from the local network and the internet, served as

the gateway to the cluster nodes and executed the development tools. Each host mounts

its /home directory from the Network File System (NFS) running on jaguar01, mak-

ing it easy to build on jaguar01 and execute the resulting binaries on jaguar02 through

jaguar12. Each host is also configured with partitions /data0 and /data1 dedicated to

archival storage partitions used by the parallel file system configured on the nodes. To

set up the cluster for the various benchmarking experiments, jaguar02 to jaguar06 were

configured as compute nodes, while jaguar07 to jaguar12 were configured as storage

I/O nodes. Experiments were run on the nodes to characterise the cluster’s perfor-

mance under various workloads.

4.2 Benchmarking Tools

The study conducted various benchmarking tests using a series of benchmarking tools

on the storage infrastructure to experimentally analyse the performance of the storage
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FIGURE 4.1: Layout of testing cluster codenamed “Jaguar”

infrastructure and data storage concept. The benchmarking tools and their respective

metrics are discussed in the following sections.

4.2.1 The NAS Parallel Benchmarks

The NASA Advanced Supercomputing (NAS) Parallel Benchmark (NPB) is a suite of

programs initially implemented by NASA’s Advanced Supercomputing division to

characterize the performance of parallel computing systems [93]. The consolidated

suite (largely drawn from computational fluid dynamics (CFD) applications) contains

a number of programs designed to facilitate assessing the operating efficiency and

performance of parallel systems. The application is made up of different programs

and pseudo-programs with essential features such as intensive memory communications,

complex data dependencies, different memory access patterns and hardware components/sub-

systems overload [94]. The suite also supports tests for unstructured adaptive meshes,
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parallel I/O, multi-zone programs, and grid-based computations.

The NPB suite contains kernels and simulated programs that represent different work-

loads. These workloads present different performance tests, including random memory

accesses, data dependencies with diverse complexity, as well as short-and long-range

data communications [93], providing characterization for data locality and memory

bandwidth capacity. The kernels from the benchmark suite include:

• Embarrassingly Parallel (EP). This kernel constructs a high number of Gaussian

random deviates and processes them using the acceptance-rejection method to

compute the Gaussian deviation. It then calculates the number of pairs that fall

within the square annulus. This approach is effective for evaluating the system’s

floating-point operation capacity.

• Multi Grid (MG). This kernel employs the V-cycle Multigrid approach to solve

a 3D scalar Poisson equation, iteratively performing restriction and prolongation

as it alternates between coarse and fine grids. The objective is to test both long-

distance and short-distance data communication.

• Conjugate Gradient (CG). It approximates the smallest eigenvalue of a large,

sparse, and unstructured matrix using the Conjugate Gradient approach. This

kernel targets the performance of data communication mechanisms, memory lo-

cality, and cache utilization.

• Discrete 3D Fast Fourier Transform (FT). This kernel performs a Fast Fourier

Transform (FFT) on a 3D partial differential equation using spectral and inverse

methods within an iterative loop, simulating intensive long-distance communi-

cation [93].

• Integer Sort (IS). The IS kernel executes integer sorting on a sparse dataset, sim-

ulating a critical computation for particle-in-cell applications. It employs the

Bucket-Sorting algorithm by default and evaluates integer computation and data

communication performance.



Chapter 4. EPGASS I/O Performance Benchmark and Analysis 46

On the other hand, the pseudo-applications in the benchmark suite provide three (3)

different iterative algorithms to evaluate a 3D Navier–Stokes system of differential

equations which describe the flow of incompressible fluids. They are:

• Block Tri-diagonal solver (BT). This kernel employs a computationally intensive

implicit algorithm to solve 3D Navier–Stokes equations numerically. The solution

utilizes Alternating Direction Implicit (ADI) factorization on a 3D matrix, gen-

erating block tri-diagonal systems that resolve the unknown vectors along each

direction through the back substitution method [93].

• Scalar Penta-diagonal solver (SP). The Beam-Warming approximate factorization

is used to decompose the 3D matrix, resulting in a specific type of band matrices

known as Scalar Penta-diagonal matrices. The Tri-diagonal Matrix Algorithm is

then applied to the block-tridiagonal systems, followed by the back substitution

method to solve the remaining vectors [93].

• Lower-Upper Gauss–Seidel solver (LU). It employs the Symmetric Successive

Over-Relaxation (SSOR) method, which combines two SOR computations. SOR,

a variant of the Gauss–Seidel method, is used to solve linear system of equations.

The process involves a forward SOR sweep to update the variables, followed by

a backward SOR sweep to update the unknown variables in reverse order.

The study employs the UPC NAS benchmark suite that was developed by the UPC

group at the George Washington University [95] which is part of the Berkeley UPC

setup. The UPC NPB has the kernels CG, EP, FT, IS, MG, and BTIO (Test of different par-

allel I/O techniques) present. Every benchmark within this suite consists of a “naive”

implementation and one or more “optimized” implementations. The “naive” imple-

mentation makes no effort to implement any hand-tuning techniques, whereas the op-

timized implementations apply various hand-tuning techniques such as pre-fetching

and privatized pointers-to-shared to boost performance.

The NPB benchmark offers different classes: S, W, A, B or C (smaller to larger sizes),

which indicate the problem size for each benchmark experiment. These classes differ
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mainly in the size of the problem, including much larger problem size classes; D, E, F:

which are 16→ size increase from each of the previous classes (A, B, or C).

Table 4.1 shows the problem sizes and performance rates (measured in Mflop/s) for

each of the eight benchmarks, for the classes A ( 4.1a), B ( 4.1b) and C ( 4.1c) problem

sets.

4.2.2 The UPC STREAM micro-benchmark

The UPC STREAM benchmark [96] is a micro-benchmark suite which evaluates the

sustainable memory bandwidths of a wide range of shared memory fine- and coarse-

grained accesses. Generally, the performance of UPC and HPC programs is often sig-

nificantly influenced by the cost of fine-grained remote memory references. The cost

of coarse-grained references involves calls to upc_memget, upc_memput, upc_memcpy,

and upc_memset routines, providing insight into the efficiency of the implementation

of these message-passing operations. The augmented UPC STREAM synthetic micro-

benchmark implementation, proposed by Zhang et al. [97], was employed in this study

to simulate a broader range of access patterns. The original implementation is limited

to local shared references and remote shared references of the same thread. Some of the

typical access patterns which are likely to be present in HPC applications include:

• Local shared read/set: This involves read or write operations on shared memory

locations that have affinity to the respective reading or writing thread.

• Unit stride shared read/set: Perform read or write operations on consecutive shared

memory segments that have affinity to a remote thread.

• Random shared read/set: Access a random set of shared memory locations with

affinity to a remote thread for reading or writing.

• Stride-n shared read/set: Read or write access similar to that of a column-major

access in ANSI C. This operation is expected to simulate a non-cache-sensitive

(cache unfriendly) access.

• Unit stride shared copy: Data is copied sequentially from one memory location to

another within the shared memory space. The memory locations are accessed
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TABLE 4.1: The NAS Parallel Benchmarks Workload Classes

Benchmark Size Operations (→103) MFLOPS

EP 228 25.7 209

MG 2563 3.8 175

CG 14, 000 1.5 126

FT 2562 → 128 5.6 189

IS 223 → 219 0.8 68

LU 643 63.5 193

SP 643 101.4 214

BT 643 179.3 230
(A) Class A workloads Benchmark

Benchmark Size Operations (→103) MFLOPS

EP 230 100.7 –

MG 2563 17.9 497

CG 75, 000 53.8 443

FT 512 → 2562 71.4 561

IS 225 → 221 3.2 242

LU 1023 321.3 491

SP 1023 448.7 629

BT 1023 721.0 573
(B) Class B workloads Benchmark

Benchmark Size Operations (→103) MFLOPS

EP 232 100.9 –

MG 5123 26.4 580

CG 150, 000 70.6 559

FT 5123 91.3 989

IS 227 → 223 6.6 304

LU 1623 400.2 540

SP 1623 505.5 730

BT 1623 938.5 609
(C) Class C workloads Benchmark
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in a contiguous manner, with no gaps between consecutive elements (unit stride).

The shared memory read is followed by a write. Both memory segments involved

have affinity to the same remote thread.

• Random shared copy: In this case, data is copied between shared memory locations,

but unlike unit stride access, the source and/or destination memory locations are

accessed in a non-sequential (random) order.

• Stride-n shared copy: Data is copied between shared memory segments, and the

accessed elements are separated by a fixed interval or “stride” of n positions. The

pattern is more general than unit stride (where n = 1) and is used in scenarios

where data is not contiguous but follows a regular spacing.

• Local memget: A contiguous chunk of data is copied from a shared memory loca-

tion that has affinity to the current thread into a private (local) memory location.

• Local memput: Data is written from a local memory region (e.g., a private buffer)

to a specific memory location in the shared memory space that has affinity to the

writing thread.

• Local memset: A specific memory region in the shared memory space, with local

affinity to the executing thread, is initialized or filled with a data

• Local memcpy: Data is copied between two memory locations, both of which reside

in the shared or private memory space associated with the current thread (local

affinity).

• Remote memget: Data is retrieved from a shared memory location associated with

a remote thread and transferred to a local memory region of the calling thread.

This is like the local memget, but the source has affinity to a remote thread.

• Remote memput: Data is written from a local memory region (e.g., a private buffer)

to a shared memory location that has affinity to a remote thread.

• Remote memset: The operation where a region of shared memory with affinity to a

remote thread is initialized or filled with a specified value by the calling thread.
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• On-thread memcpy: Data is copied between two memory locations within the same

thread, either in private memory or in shared memory regions with affinity to the

thread. This is like the local memcpy, but both the source and the destination are

with affinity to the same remote thread.

• Remote memcpy: Data is copied between two shared memory locations, with the

source and destination residing in memory segments associated with different

threads. Like the on-thread memcpy, but the source and the destination have

affinities to different remote threads.

4.3 Experimental Results

4.3.1 Experimental setup

The performance of the setup was characterized using the NAS Parallel Benchmarks

and the STREAM micro-benchmark. The benchmark suites are executed using up

to 128 cores/threads on the 12-node Jaguar cluster. The nodes have a single socket

equipped with an 8-core (16 hyper-threaded) Intel Xeon 2.4 GHz processor and 16 gi-

gabytes of DDR3 memory. The nodes are interconnected with a 10Gb Ethernet in a

star topology. All codes were implemented in C and compiled with the Berkeley UPC

runtime release 2019.4.2 (with the Berkeley UPC-to-C translator version 2.28.0), and

MVAPICH2 2.3.2.

4.3.2 NAS Parallel Benchmarks Results

Benchmarking experiments were conducted using multiple kernels from the UPC im-

plementation of the NAS Parallel Benchmarks on the EPGASS setup. Performance was

further assessed under different core configurations across the cluster. Figures 4.2–

4.6 report the performance measurements for NPB workloads using both UPC and

MPI on the setup. Part A in each figure shows the timing of the respective workload,

whereas, Part B shows the corresponding total throughput (Million Operations per sec-

ond (Mop/s)) for all the test cases. For each benchmark, the experiment was run three

(3) times and the average time reported. For MPI implementations, time was reported
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using the MPI_Wtime(), which provides wall-clock time in seconds with high precision.

Similarly, for the UPC implementations, the benchmarks leverage the upc_ticks_now()

and UPC_TICKS_PER_SEC to capture time for each run. The time before the start of

the computation is recorded as t_start, while the time after the computation is recorded

as t_end. The total elapsed time is then computed as follows:

elapsed_time = t_end ↓ t_start

The study identifies substantial performance differences between MPI and UPC im-

plementations across the different benchmark programs. However, unlike most of the

other programs, the EP benchmark in figures 4.2a and 4.2b demonstrated a compara-

ble throughput performance between UPC and MPI test cases as the number of proces-

sors increase. The EP benchmark is an Embarrassingly Parallel program that requires

nearly no effort to communicate data between different tasks, resulting in minimal com-

munication and better throughput. Each processor performs its own tasks (generates

random numbers and performs computations on them independently) with minimal

need for communication between processors. Both UPC and MPI show good scalabil-

ity, though UPC performs relatively better (especially for processors: 36, 49 and 128

showing 1.5→, 2.1→, 2.5→ improvement respectively) as it handles parallel tasks more

efficiently with its partitioned global address space.

The IS plots in figures 4.3a and 4.3b illustrate that given a small number of processors,

both UPC and MPI perform similarly. However, as the number of processors increases,

the gap between UPC and MPI widens with UPC maintaining a steady increase in

throughput likely due to lower synchronization costs and better memory access pat-

terns. The benchmark performs sorting of large integer arrays, which requires extensive

communication to distribute and gather the data. Consequently, this involves random

access to memory and significant inter-processor communication. The plots show a

steeper decrease in computational time, and corresponding increases in throughput as

processor/thread count increases for UPC. UPC’s efficient memory access patterns and

reduced synchronization costs lead to higher throughput. Unlike UPC, MPI shows a

less pronounced increase in throughput, which may be due to synchronization over-

head.
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The FT (Fourier Transform) benchmark demonstrates a similar pattern as other bench-

marks, with MPI performing better than the UPC implementation with lower pro-

cessor count. The benchmark performs a series of complex Fast Fourier Transforms

(FFTs), which require extensive communication and data shuffling involving series of

data transpositions and high computational complexity. Figures 4.4a and 4.4b show a

general increase in operational throughput and a reduction in time in both implemen-

tations. However, unlike UPC, the MPI performance degrades with higher processor

count, particularly from 64 cores upward, highlighting higher communication or com-

putation overhead.

Similarly, the MG benchmark, which solves a 3D discrete Poisson equation using a

multigrid method, involves recursive grid computations and significant interprocessor

communication. Figures 4.5a and 4.5b illustrate the performance for the MG bench-

mark, highlighting the performance differences. The plots show that UPC provides rel-

atively better (up to ↘ 10→) throughput performance compared to MPI across various

processor counts. The MPI implementation shows slower improvements in through-

put with an increase in processor counts, pointing to a potential relative increase in

synchronization and communication costs.

Regarding the CG benchmark, which involves matrix-vector multiplications, the study

observes that computational time decreases with more processors for both models, but

UPC shows a more significant reduction in time. Figures 4.6a and 4.6b show that the

UPC achieves operational throughput higher than that of MPI in various processor

counts. However, the performance gap widens with the number of processors. The

throughput of the UPC increases more steadily, reflecting efficient utilization of addi-

tional processors and global address space storage. MPI’s performance shows a slower

rate of increase, indicating potential bottlenecks in communication or computation. The

benchmark requires significant communication between processors, which is heavy on

both computation and communication, involving iterative solvers.

Figure 4.7 presents the percentage of time used for communication during the IS bench-

mark. The figure highlights the fact that the interprocess communication increases with

increasing number of cores, and a substantial amount of time (up to over 80%) is used
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FIGURE 4.2: Evaluation of system performance using the EP benchmark
comparing UPC and MPI implementations

for communication and synchronisation during the execution of the parallel task. Con-

sequently, impacting on the throughput. The plot shows that up to 85% and 89% (for

UPC and MPI, respectively) are used for communication during the integer sort com-

putation across the cluster nodes.

Figure 4.8a illustrates the differences in the amount of memory used by various UPC
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FIGURE 4.3: Evaluation of system performance using the IS benchmark
comparing UPC and MPI implementations

versions of the NPB applications, compared to MPI using the C-class data sets on 128

cores/threads of the setup. The UPC version used relatively a little more memory than

the MPI. UPC provides a distributed global shared address space for shared data, with

each of the nodes contributing a quota of its memory to the shared storage. A por-

tion of each node’s memory is marked as part of the global address space, which could
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FIGURE 4.4: Evaluation of system performance using the FT benchmark
comparing UPC and MPI implementations

potentially account for the observed memory usage as nodes contribute to the global

address space. The results show up to about 12% more memory usage for the UPC

compared to the MPI implementation, particularly for the EP benchmark kernel. Fig-

ure 4.8b illustrates the actual amount of memory used by each of the kernels. The fig-

ure shows a relatively low memory footprint (↘ 1.0% for MPI and ↘ 0.9% for UPC)
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FIGURE 4.5: Evaluation of system performance using the MG bench-
mark comparing UPC and MPI implementations

for the IS kernel compared to the EP, FT, CG, and the MG kernels. Both MPI and

UPC show similar utilisation patterns, with MPI demonstrating lower utilisations in

many instances. The memory footprint is largest for the FT kernel. The FT kernel

executes a Fourier transform that incorporates a transpose operation. The implemen-

tation of the transpose operation requires an additional array and data buffer, which
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FIGURE 4.6: Evaluation of system performance using the CG benchmark
comparing UPC and MPI implementations

results in a large memory footprint. For the CLASS C workload, the workload size is

512 → 512 → 512→ sizeo f (double complex) = 2GB

As the number of tasks increases, additional memory is primarily required. This is be-

cause the runtime system needs to maintain more metadata and control information for

managing these tasks, including task identifiers, communication schedules, and state
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FIGURE 4.7: Proportion of total execution time attributed to communi-
cation in the IS benchmark showing increasing % of time for communi-

cation with increase in number of processors.

information, all of which contribute to increased memory usage. Additionally, each

task requires communication buffers to send and receive messages. As the number of

tasks increases, the number of possible communication paths grows as well, and hence

more buffers are needed to handle these interactions. The size of these buffers can vary

depending on the application’s communication patterns and the volume of data being

exchanged. To minimize communication overhead and latency, MPI applications often

replicate data across multiple tasks. This replication ensures that each task has quick

access to the necessary data without needing frequent communication with other tasks.

However, this replication also increases memory usage, as the same data may be stored

multiple times across different tasks. Similarly, for UPC, the memory requirements in-

crease as the number of threads (tasks) increases from the runtime overhead’s require-

ment for maintaining metadata thread states, and synchronization primitives, includ-

ing shared memory management. Although UPC provides a global address space that

simplifies access, the underlying implementation still relies on efficient communication

mechanisms that utilize these communication buffers.
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4.3.3 STREAM micro-benchmark Results

The study gathered several measurements using the UPC STREAM microbenchmark

on various access patterns that mimic access patterns for real-world scientific applica-

tions.

The performance was measured using different access patterns:

• Local shared accesses : This involves a local write to or read from shared memory,

with the memory having affinity to the thread performing the access. The cost of

such access should ideally match that of private memory access. However, system

runtime overhead impacts accesses, resulting in performance slightly worse than

that of private memory accesses.

• Remote shared accesses : Remote shared access refers to a read or write operation

in shared memory where the calling thread has no affinity to the memory access

region.

• Block memory operations : Refers to operations that involve contiguous chunks

of memory, typically in a coarse-grained approach. Coarse-grained accesses to

shared memory locations utilize UPC string handling functions, involving vari-

ous combinations of source and destination affinities. These operations are de-

signed to handle larger memory regions in a single call, improving efficiency by

reducing the overhead associated with multiple fine-grained memory accesses.

Table 4.2 highlights the performance for the STREAM benchmarks showing results for

strided access test across varying threads/processor count. The strided access involves

accessing memory locations at fixed intervals (strides). For instance, if the stride is 8, the

program accesses every 8th element in the array ensuring access predictability which

allows for better prefetching and caching strategies. The table shows an intial high read

rates which significantly drop beyond 16 processors suggesting that the memory band-

width utilization decreases as the number of processors and worker nodes increase,

likely due to increased contention overheads. As more processors access the shared

memory system, the memory resource contention increases. When multiple processors

attempt to read from or write to memory simultaneously, it could create bottlenecks,
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TABLE 4.2: UPC STREAM Benchmark highlighting memory bandwidth
for Strided access for Reads & Writes

Array Mem. Rates (→106) Read Time (ms) Set Time (ms)

Procs. (→105) (MB) Read Set Avg. Min. Max. Avg. Min. Max.

4 8.0 18.3 999.83 696.73 0.2 0.2 0.2 0.3 0.3 0.3

8 16.0 36.6 995.09 696.73 0.2 0.2 0.2 0.3 0.3 0.3

16 32.0 73.2 1001.03 697.31 0.2 0.2 0.2 0.3 0.3 0.3

32 64.0 146.5 490.28 345.35 0.4 0.4 0.4 0.6 0.6 0.6

64 128.0 293.0 489.13 346.06 0.4 0.4 0.4 0.6 0.6 0.6

128 256.0 585.9 328.45 231.99 0.6 0.6 0.6 0.9 0.9 0.9

reducing the effective memory bandwidth available to each processor. Strided access

patterns typically exhibit good locality and predictability, leading to high initial mem-

ory bandwidth utilization. However, as the number of processors increases, contention

and overhead cost begin to diminish the benefits of additional parallelism, leading to

a decrease in memory bandwidth utilization. The set rates follow a similar trend as

the read rates, with a noticeable drop in performance as the processor count increases.

Maintaining cache coherence among multiple processors incurs overhead, especially

with strided patterns that might cause frequent cache line invalidations and updates.

However, a minimal variation is observed across all processor count read times, indicat-

ing consistent performance for strided reads. similarly, the times for the set operation

remain fairly consistent, but show a slight increase with higher processor count. Both

read and set operations scale up well to 16 processors. Beyond that, the memory band-

width utilization begins to decrease, suggesting diminishing returns on performance

due to contention overheads.

Unlike strided accesses, random accesses are inherently challenging due to poor local-

ity and an increased likelihood of cache misses. The inherent challenges are further

exacerbated by increased contention and overhead with more processors, leading to

significant decreases in memory bandwidth utilization. Table 4.3 illustrates the results

of the random-access test that show that performance drops more dramatically with
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TABLE 4.3: UPC STREAM Benchmark highlighting memory bandwidth
for Random Reads & Writes

Array Mem. Rates (→106) Read Time (ms) Set Time (ms)

Procs. (→105) (MB) Read Set Avg. Min. Max. Avg. Min. Max.

4 8.0 18.3 393.65 66.38 0.5 0.5 0.5 3.0 3.0 3.0

8 16.0 36.6 395.13 66.45 0.5 0.5 0.5 3.0 3.0 3.0

16 32.0 73.2 392.91 66.31 0.5 0.5 0.5 3.0 3.0 3.0

32 64.0 146.5 188.51 62.97 1.1 1.1 1.1 6.0 3.2 6.4

64 128.0 293.0 186.41 31.35 1.1 1.1 1.1 6.4 6.4 6.4

128 256.0 585.9 125.86 21.22 1.6 1.6 1.6 9.4 9.4 9.4

an increase in processor count. This is potentially due to high contention, poor local-

ity, and increased synchronization overhead. Additionally, read and set rates are much

lower compared to strided access, reflecting the challenges of random-access patterns.

The results from the strided and random-access tests in the UPC STREAM benchmark

highlight the inherent challenges and overheads associated with different memory ac-

cess patterns. The observed decrease in memory bandwidth utilization with increasing

processors is due to the compounded effects of contention, cache coherence, synchro-

nization, and inefficient memory access patterns. By optimizing these aspects, perfor-

mance can be improved, especially for high processor counts.

4.4 Chapter Summary

The study has examined the performance of various benchmarks in the EPGASS setup,

comparing the implementations of the UPC and MPI benchmarks for performance of

throughput and memory efficiency. Although the overall performance of the NAS

Parallel Benchmarks with UPC and MPI are relatively similar, the presented results

show some major performance differences. The UPC implementations performed rela-

tively better compared to MPI implementations in most cases including the EP, IS, MG,

FT, and CG benchmarks. Overall, the findings indicate that UPC provides significant

throughput gains compared to MPI, with performance improvements of up to 2.5→
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(EP), 6.5→ (IS), 9.5→ (FT), 10.0→ (MG), and 14.0→ (CG). This could be mainly due to the

reduced communication costs with the distributed shared-memory model approach.

Across all NPB benchmarks (EP, CG, FT, IS, MG), UPC consistently shows relatively

higher throughput compared to MPI, suggesting that the partitioned global address

space allows for more efficient computation on the setup compared to MPI. This per-

formance could be attributed to the efficient management of shared memory, and sub-

sequently less communication overhead resulting from efficient data distribution, as

well as effective synchronization mechanisms. The partitioned global address space

model allows for more direct and efficient access to data, which is crucial in paral-

lel computations. For embarrassingly parallel tasks such as the EP benchmark, UPC’s

minimal overhead results in significant performance gains. Regarding communication-

intensive tasks (CG, FT, IS, MG), efficient data handling and reduced communication

latency provide substantial performance gains. The Global Address Space Networking

(GASNet) library, being the high-performance communication layer in the UPC run-

time, plays a crucial role in facilitating the performance and scalability observed in

the UPC benchmarks, including Remote Memory Access (RMA) and Active Messages

(AM). It provides a high-performance, as well as scalable communication layer which

enables UPC to handle data movement, synchronization, and communication-intensive

tasks efficiently. GASNet optimizes the communication layer in UPC, providing low-

latency, high-bandwidth communication. This is particularly useful for benchmarks

that require frequent communication, such as the CG and FT benchmarks. In partic-

ular, it reduces the communication overhead by implementing efficient point-to-point

and collective communication operations. This allows UPC to perform better in bench-

marks with intensive communication patterns, like MG (Multi-grid) and IS (Integer

Sort).

In addition, the study investigated the memory usage of each of the different mod-

els. The memory requirements across the different tests were relatively similar (↘

0.9 to 1.1%), although MPI required less memory than UPC in various instances. The

UPC runtime maintains additional metadata and control information to manage the in-

creasing number of threads, which could contribute to the observed increased memory

usage.
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Furthermore, the study evaluated the memory utilisation while using the STREAM

benchmark for both strided and random accesses. The results indicated that the mem-

ory utilisation relatively decreases with increasing threads for both access methods.

However, strided accesses performed much better as expected, pointing to the need for

efficient data organisation, and optimizations for distributed parallel processing. The

results highlight the inherent challenges and overheads associated with different mem-

ory access patterns. Decreasing memory bandwidth utilization with increasing pro-

cessors is primarily due to increased contention and overhead in accessing shared re-

sources. By understanding these factors, parallel applications can be optimized to mit-

igate performance degradation and better utilize available memory bandwidth using

efficient data partitioning, and algorithms that require less synchronization to exploit

more local computation. This optimization is crucial to achieve efficient and scalable

parallel computing.

In the next two chapters, the thesis investigates some of these optimisation techniques

with optimal data partitioning and layout, leveraging data locality while minimising

data movements to enhance overall algorithmic efficiency for in-memory data pro-

cessing. In Chapter 5, the study explores efficient data partitioning for an augmented

matrix-matrix multiplication algorithm (a critical algorithm in linear algebra), while

Chapter 6 explores techniques for efficient multidimensional tree index construction

and subsequent index queries/searches.
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Chapter 5

Matrix-Matrix Multiplication

5.1 Introduction

Distributed computing leverages multiple computational resources to address prob-

lems that are too complex for a single system to handle. For computationally intensive

tasks, exploiting parallelism is essential to achieving solutions within a reasonable time-

frame. Matrix-matrix and matrix-vector multiplications are fundamental linear algebra

operations widely used in scientific and numerical computations. When dealing with

very large matrices, these operations become highly computationally demanding and

require significant memory and processing power.

In the last few decades, many algorithms have been proposed to compute the solu-

tion matrix, C, by multiplying the matrices A and B, especially, on distributed parallel

systems. The matrix-matrix multiplication equation in distributed parallel systems is

typically given as:

C ≃ α(A → B) + βC

where: α, β ⇐ R, are some constants and C ⇐ Rm→p, is the resulting m → p matrix (also

used as input for accumulation).

Some of the well-known algorithms include the Shared and Remote-memory based

Universal Matrix Multiplication Algorithm (SRUMMA) [98], the Scalable Universal

Matrix Multiplication Algorithm (SUMMA) [99], the Parallel Universal Matrix Mul-

tiplication Algorithm (PUMMA) [100], and Cannon’s algorithm [101]. Various studies
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have explored distributed algorithms for matrix-matrix multiplication, particularly for

distributed parallel systems [102–110]. Most of these algorithms are highly efficient

when implemented using a grid of processors where the matrices A and B, have been

blocked into vertical and horizontal chunks, and distributed across the processors. A

key advantage of this approach is that smaller blocks can effectively utilize data locality

on individual processors. These sub-blocks are loaded into the fast local memory of the

compute nodes, allowing their elements to be re-used multiple times. Typically, these

algorithms are implemented using one- or two-dimensional block-cyclic partitioning.

This type of data partitioning enhances performance significantly when data re-use is

maximised, and data movement is minimised.

In this chapter, the study presents the Single Matrix Block Shift (SMBS) algorithm, a scal-

able parallel algorithm for dense matrix multiplication, specifically optimized for a 2D

grid of processors. The algorithm is a variation of Cannon’s matrix algorithm, designed

to improve performance by limiting block shifting to a single matrix. This approach en-

hances data locality and minimizes data movement, thereby optimizing computational

efficiency. The study provides analytical and experimental comparative analyses of the

SMBS algorithm with the Cannon’s algorithm and variants of the SRUMMA algorithm

on a 2D grid of processors.

The primary contribution presented in this chapter is the implementation of the SMBS

dense matrix-matrix multiplication algorithm for distributed-memory systems, which

exploits data locality, and re-use to maximize performance. The main contributions

reported include:

i. the implementation of a blocked dense parallel algorithm for matrix-matrix multi-

plication which is optimised for distributed parallel systems, leveraging in-memory

data processing and data locality for improved algorithmic efficiency.

ii. the analytical and experimental evaluations employed to assess the efficiency of the

SMBS multiplication algorithm compared to the Cannon and the SRUMMA matrix

multiplication functions.
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5.2 Background

Over 30 years ago, Gupta et al. [111] demonstrated that the performance of parallel

matrix-matrix multiplication algorithms vary under different conditions. Since then,

several techniques for parallelising matrix-matrix multiplication algorithms on distributed

systems have been widely researched [102–105]. Modern computer architectures incor-

porate hierarchical memory systems, where accessing data from higher levels in the

hierarchy offers faster performance compared to lower levels. To fully leverage these

systems, efficient algorithms are developed to maximize utilization of the top levels

of the memory hierarchy, thereby reducing costly accesses to the lower levels. In dense

linear algebra operations, for example, the use of block-partitioned algorithms has been

widely studied. This approach reformulates algorithms to operate on sub-matrices, en-

abling better exploitation of the memory hierarchy and improved performance. Vari-

ants of this technique have been extensively applied in matrix-matrix multiplication

routines for distributed-memory systems.

A notable example of such an algorithm is the Shared and Remote-memory based Universal

Matrix Multiplication Algorithm (SRUMMA) [98], designed for both distributed-memory

and shared-memory parallel systems. For the computation of C = A → B, SRUMMA

assigns each process the relevant blocks from matrices A and B, performs their multi-

plication, and stores the result in a locally managed portions of C. Processors access

non-local blocks depending on whether these blocks are located in other shared mem-

ory segments or within the same memory space [98]. SRUMMA draws on the underly-

ing Remote Memory Access (RMA) to autonomously access matrix blocks, eliminating the

need for coordination with the processors that own the blocks. This approach, however,

incurs an initial runtime cost associated with sorting a task list (including recording) to

evaluate and optimize data locality references. [112].

The Scalable Universal Matrix Multiplication Algorithm (SUMMA) is another widely

recognized matrix multiplication routine, currently implemented in the Scalable Lin-

ear Algebra Package (ScaLAPACK) [113, 114] and other associated parallel software

libraries. The ScaLAPACK library comprises a subset of LAPACK [115, 116] routines
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which are optimized for distributed-memory systems with multiple instruction, mul-

tiple data (MIMD) architectures. In SUMMA, matrix A is decomposed into a number

of columns, while matrix B is decomposed into rows of fixed-size blocks. The col-

umn chunks of matrix A multiply the respective row chunks of matrix B until the final

column chunk of A is multiplied with the final row chunk of B [115] to produce the

product C.

Choi [117] introduced the Distribution-Independent Matrix Multiplication Algorithm (DIMMA)

as an alternative to SUMMA. In contrast to SUMMA, DIMMA utilizes a modified pipelined

communication strategy to efficiently overlap communication with computation. This

approach leverages the least common multiple (LCM) block concept to optimize block

sizes for maximum performance. The core idea of the LCM method is to simultane-

ously process multiple small columns of A blocks and a corresponding number of

small rows of matrix B blocks. This enables the processors to compute the product

of numerous tiny sub-matrices from matrices A and B simultaneously to yield high

performance [117].

Instead of distributing a single column strip of matrix A and a single row strip of ma-

trix B, this approach ensures that a column of processors broadcasts multiple columns

of A along the corresponding processor rows. The distance between these blocks is

determined by the least common multiple (LCM) in the column direction. [117].

Huang and Chow [105] developed the Communication-Avoiding 3D Matrix Multiplica-

tion (CA3DMM) algorithm. The CA3DMM algorithm is designed to reduce data ex-

change volumes for various input matrix shapes. It focuses on explicitly arranging

communication patterns to ensure lower communication costs for distributed-memory

parallel general matrix-matrix multiplication (PGEMM). The algorithm further uses a

simplified implementation without requiring low-level optimization for performance.

Unlike the SUMMA algorithm, CA3DMM starts with an initial computation of an op-

timal or near-optimal 3D process grid based on the dimensions of the input matrices.

Thereafter, the algorithm performs the matrix multiplication using multiple low-rank

updates. SUMMA performs different low-rank updates sequentially, whiles CA3DMM

performs both calculations in each low-rank update and the computations of different
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low-rank updates in parallel.

The Cannon algorithm is a widely used matrix-matrix multiplication method, particu-

larly well-suited for distributed parallel systems. A notable advantage of this algorithm

is its memory efficiency. It is based on a P → P logical or physical grid of processors,

employing a blocked data distribution strategy where each processor manages multiple

consecutive data blocks. The Cannon algorithm is highly effective for homogeneous 2D

grids but poses challenges when adapting it to heterogeneous 2D grids. In Cannon’s al-

gorithm, given a 2-dimensional processor grid, the processor Pij (0 ⇒ i, j ⇒ P ↓ 1), has

the sub-blocks in position ij (0 ⇒ i, j ⇒ P ↓ 1) of matrices A, B and C. From this data

distribution, the matrices A and B blocks are skewed or reassigned such that given the

2D grid of P → P processors, the elements of sub-matrix A in row i and column (j + i)

mod P, i.e., ai,(j+i) mod P, and also the element or sub-matrix of B in row (i + j) mod P

and column j, i.e., b(i+j) mod P,i, are allocated to the processor Pij. Particularly, each data

of row i, f or (0 ⇒ i ⇒ P ↓ 1), of the sub-matrices of A is shifted i times towards the

left grid of processors, while each column j, f or (0 ⇒ j ⇒ P ↓ 1) of the elements or

sub-matrices of B is transferred j times towards the upper grid of processors.

The Figure 5.1a presents the initial block allocations, while Figure 5.1b presents the ini-

tial relocation (skewing of the A and B blocks), imposed by Cannon’s Algorithm. The

initial setup stage incurs additional computational cost, which affects the overall per-

formance of the algorithm.

(A) Initial assignment (B) Initial relocation

FIGURE 5.1: Initial Data Allocation for Cannon’s Algorithm on 3→ 3 Grid



Chapter 5. Matrix-Matrix Multiplication 70

Matrix-matrix multiplication in distributed-memory systems typically requires sub-

stantial data movement, posing challenges in reducing synchronization overhead among

the nodes. The cost of data transfer between processing units has long been signifi-

cantly higher than the cost of arithmetic operations. As a result, minimizing communi-

cation overhead in distributed-memory parallel algorithms has been extensively stud-

ied, particularly in algorithms for distributed-memory parallel dense general matrix-

matrix multiplication (PGEMM). Thus, the efficiency of these distributed algorithms

largely relies on the effective distribution of data and the parallel organization of the

processing nodes to minimize data transfers. It is therefore unsurprising that state-of-

the-art linear algebra libraries, such as LaPACK [118] and ScaLAPACK [119], encounter

performance degradation on certain multi-socket systems with multicore processors,

such as Symmetric Multi-Processor (SMP) architectures. This is mainly due to the fact

that some of the algorithms are not able to completely leverage thread-level parallelism

and data locality. Leveraging data locality becomes feasible when data is re-used mul-

tiple times, thereby increasing cache hits and improving overall algorithmic perfor-

mance.

The next section (Section 5.3) discusses in detail the proposed algorithm, which builds

on the Cannon matrix-matrix multiplication algorithm. However, unlike the Cannon’s

algorithm, this study’s approach eliminates the initial block relocation or skewing of

the A and B matrices during the initialisation stage. Additionally, the logical shift of

the blocks of matrices A and B onto neighbouring processors in the 2D grid is limited

to only a single matrix. Consequently, the approach promotes data re-use and exploits

data locality to improve the computational efficiency. Furthermore, the study enhances

the efficiency of the algorithm by overlapping communication with computations. The

removal of the sender-receiver synchronisation for the matrices A or B (as in Cannon’s

algorithm) significantly enhances overall algorithmic efficiency.
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5.3 Single Matrix-Block-Shift Algorithm

5.3.1 Blocking SMBS Algorithm

Given the matrices

AM,K =





a1,1 a1,2 a1,3 · · · a1,K

a2,1 a2,2 a2,3 · · · a2,K

a3,1 a3,2 a3,3 · · · a3,K

...
... . . . ...

aM,1 aM,2 aM,3 · · · aM,K





and BK,N =





b1,1 b1,2 b1,3 · · · b1,N

b2,1 b2,2 b2,3 · · · b2,N

b3,1 b3,2 b3,3 · · · b3,N

...
... . . . ...

bK,1 bK,2 bK,3 · · · bK,N





consider the matrix-matrix product

C ≃ A → B, where ci,j =
K

∑
k=1

ai,kbk,j

and A, B and C are dense matrices.

In essence, the ci,j of matrix C can be computed in parallel by taking the dot product

of each row i of matrix A and column j of matrix B on a processor. Unfortunately, this

technique does not scale well since as many as MN processing cores are expected to

calculate all sub-products, ci,j ⇐ C.

Given that there are m→ n 2D processor grids, the block sizes of the A, B and C matrices

are
M
m

→
K
k

,
K
k
→

N
n

and
M
m

→
N
n

respectively. The process Pi,j computes all ci,j in block

C+
i,j, with C+ denoting a block in the C matrix. Likewise, the blocks in matrix A are

defined as A+, and those in B are defined as B+. The setup of the study’s approach is

similar to that of the Cannon’s algorithm, but with some major differences. In contrast

to the Cannon’s algorithm, this study divides the A matrix into column-wise blocks

and that of B into row-wise blocks or vice versa. In addition, the proposed algorithm is

not restricted to a square grid of processors. For the purposes of this presentation, this

discussion is limited to the case where matrix A is blocked column-wise and matrix B
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row-wise. Given the dense matrices A and B blocked into 4 → 4 matrices as illustrated

in Figure 5.2, the implementation of the proposed algorithm on a grid of distributed

parallel processors is as follows:

1. Partition matrices A and B into m → n blocks, and distribute A column-wise and

B row-wise so that A+
0,0 and B+

0,0 are located on processor P0,0, A+
0,1 and B+

1,0 on

processor P0,1, etc. The blocks are distributed such that the column count of ma-

trix A is the same as the row count of matrix B. Figure 5.3 highlights the data

distribution strategy.

2. Create a row communicator for each row of the 2D grid. This is useful to aggre-

gate the final C+
i,j per each iteration.

3. The algorithm then enters the main computational loop to compute local block

multiplication m ↓ 1 times. For a square grid, where m = n, the routine executes

in O(
⇑

m2 ↓ 1) time.

4. For each step in the computational loop, call Reduce on the row communicator

to get the sum of all the partial sums, i.e., ∑col_size
j=0 ci,j. The final C+

i,j block of C

results from this output. The rank of the processor Pi,j that will hold the C+
i,j is

then computed as follows:

(i + row) mod col_size.

where i is the i-th iteration, row is the row number, and col_size is the total number

of columns per row.

5. Every block of B is shifted (moved) one step up with wrap-around. In contrast

to the Cannon algorithm, the blocks of matrix A are not shifted. This facilitates

data re-use and data locality, resulting in improvement in the overall algorithmic

performance.

6. Perform the next block multiplication, and then Reduce the partial result per row.

This is repeated m ↓ 1 times.
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(A) Matrix A (B) Matrix B

FIGURE 5.2: Block of Matrices A and B

(A) Distribution of A (B) Distribution of B

FIGURE 5.3: Block Distribution of Matrices A and B

The SMBS routine is formally illustrated in Algorithm 5.1.

Given the dense matrices A and B which have been partitioned/blocked in into 4 → 4

sub-matrices as illustrated in Figure 5.2, the sub-matrices are distributed on the 2D 4→ 4

grid of processors as demonstrated in Figure 5.3. During the initialisation stage, the A

and B matrices are set up such that the processor Pi,j has blocks A+
i,j and B+

j,i. The prod-

uct of A+
i,j and B+

j,i is computed per processor, and a reduction per row results in the

final Ci,j. Figure 5.4d depicts the Ci,j blocks computed during each ith iteration. In the

4→ 4 example, the reduction per row results in the diagonal matrix Ci,i on processors Pi,i

where i ≃↓ {0, 1, 2, 3} during stage 1 of the algorithm. Similarly, the per row reduction

in the 2nd iteration results in the C+
0,1, C+

1,2, C+
2,3, C+

3,0 on the P0,1, P1,2, P2,3, P3,0 processors,
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Algorithm 5.1: SMBS Algorithm

Data: A[M][K], B[K][N], local blocksize nlocal, gridsize m → n

Result: C[M][N]

begin
Distribute A column-wise and B row-wise across the m → n grid

for r ≃ 0 to m ↓ 1 do

MatrixMultiply(nlocal, Ai,k, Bk,j, C+
i,j)

ReduceMatMultPerRow( C+
i,j, Ci,j )

j ≃↓ (row + r) mod p

Cr,j ≃↓ ∑p↓1
j=0 C+

r,j

Up-circular-shift each column of B by 1,so that Bi,j is overwritten by Bi,(j+1) mod p

return C

Algorithm 5.2: MatrixMultiply

Data: n, ⇓a, ⇓b, local blocksize nlocal

Result: ⇓c

begin

// Matrix multiplication

n ≃↓ nlocal

for i ≃ 0 to n ↓ 1 do

for j ≃ 0 to n ↓ 1 do

for k ≃ 0 to n ↓ 1 do

c[i ⇓ n + j] ≃ c[i ⇓ n + j] + a[i ⇓ n + k]→ b[k ⇓ n + j]

return c

respectively. It is important to note that all processor rows execute this reduction simul-

taneously. This reduction step is overlapped with the shifting of the B matrix blocks, as

indicated in Figures 5.4b and 5.4c.
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(A) Initialisation Stage (B) Shift of B after stage 1

(C) Block layout of A & B in stage 4 (i.e.,
3rd iteration)

(D) Results per iteration after Reduc-
tion Stage

FIGURE 5.4: Sketch of SMBS Algorithm

It should be noted that each i-th iteration outputs the final C+
i,j in the Pi,k processor of

that row where k = (i + row) mod col_size. Consequently, a total of C+
i,j row blocks

is produced per iteration. This is particularly significant in certain image processing

applications, where specific portions of the final image are needed during the process-

ing stage. The completed blocks can be asynchronously gathered for further processing

while subsequent iterations proceed. The overlapping of these operations offers a per-

formance advantage compared to existing algorithms.

5.3.2 Non-Blocking SMBS Algorithm

The SMBS algorithm, limits the amount of data block movements by half compared

to the original Cannon routine. The algorithm’s performance can be enhanced by in-

corporating non-blocking message passing, allowing computation and communication

to overlap. In large-scale applications involving large matrices, communication often
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accounts for more than half of the total latency in a distributed system. Redesigning

algorithms to overlap communication with computation can significantly improve ap-

plication performance.

The study implements non-blocking routines in the main computational loop of the

SMBS algorithm, depicted in Algorithm 5.3. This thesis refers to the non-blocking im-

plementation of SMBS as NB_SMBS. In the case of the NB-SMBS, the study leverages

the non-blocking point-to-point communication features of the Message Passing Inter-

face (MPI), specifically Isend and Irecv, to send and receive block buffers of matrix B

before the call to the MatrixMultiply computation. It is worth noting that, unlike Can-

non’s algorithm, the block shifts in this case are limited to a single matrix. The trade-

off in the non-blocking routine is the need for additional buffers to store the incoming

blocks. The non-blocking SMBS takes advantage of the RDMA capabilities of the under-

lying inter-node communication, resulting in substantial performance enhancements.

The experimental results presented in later sections suggest over 5→ performance gains

over blocking SMBS.

5.4 Analysis of the algorithm

It is worth noting that a seemingly simple algorithm, consisting of a single statement

and three nested loops, like matrix-matrix multiplication, has attracted substantial re-

search attention over the past few decades. This is due to the fact that matrix-matrix

multiplication serves as a fundamental operation in a wide range of scientific applica-

tions. Matrix-matrix multiplication generally has O(N3) algorithmic complexity, and

therefore the numeric applications that depend on them often dedicate significant time

to complete the matrix operations. Many research efforts have focused on reducing the

O(N3) time complexity associated with matrix-matrix multiplication routines. Strassen’s

algorithm [120, 121] is a groundbreaking and widely used fast method that reduces the

computational complexity of matrix-matrix multiplication from O(N3) to O(N2.81) op-

erations. Coppersmith and Winograd’s algorithm [122] further reduced the complexity

to O(N2.38). However, these methods compromise numerical stability, achieving lower

complexity through additional operations.
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Algorithm 5.3: Non-blocking SMBS

Data: A[M][K], B[K][N], local blocksize nlocal, *b_buffers[2], gridsize m → n

Result: C[M][N]

begin
Distribute A column-wise and B row-wise across the m → n grid

for r ≃ 0 to m ↓ 1 do

// Initiate non-blocking send

MPI_Isend(b_buffers[r mod 2], nlocal → nlocal, MPI_FLOAT)

// Initiate non-blocking receive

MPI_Irecv(b_buffers[(r + 1) mod 2], nlocal → nlocal, MPI_FLOAT)

MatrixMultiply(nlocal, Ai,k, Bk,j, C+
i,j)

ReduceMatMultPerRow( C+
i,j, Ci,j )

j ≃↓ (row + r) mod p

Cr,j ≃↓ ∑p↓1
j=0 C+

r,j

Up-circular-shift each column of B by 1, so that Bi,j is overwritten by
Bi,(j+1) mod p

return C

Consider the matrix-matrix product routine C ≃↓ AB, where A, B, and C are M → K,

K → N, and M → N matrices respectively. The following notation is used:

ts as cost for initialisation

P as number of Processors

p → q as the size of the 2D processor grid,

i.e. p → q = P

Ttrans as data transfer (shift) latency

ni as number of iterations =
⇑

P ↓ 1,

i.e. the number of row blocks of B,

For simplicity, the analysis assumes that A, B and C are dense square matrices on a

2D processor grid with the matrices distributed as demonstrated in Figure 5.3. Each
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processor is assigned a block from the matrices A, B, and C of sizes
M
p

→
K
q

,
K
q
→

N
p

and,
M
p

→
N
q

respectively. The total running time of the algorithm, Ttotal is expressed

as:

Ttotal = Time per iteration + startup cost

Ttotal = Trow → ni + ts

where

Trow = Ttrans + compute-time, and

Tcompute =

(
M
p

→
K
q
→

N
p

)
→ tc

Let M = K = N, and let p = q then

Tcompute =

(
N
q
→

N
q
→

N
q

)
→ tc

=
N3

q3 tc =
N3

P 3
2

tc|P = q2

where tc = cost factor for computing.

Ttrans could be comparatively much smaller as data is shifted in blocks concurrently.

The non-blocking implementation of SMBS overlaps the data transfer with computa-

tion and thus, Ttrans ↘ 0.

Ttrans ↘ 0

Trow = Ttrans +
N3

P 3
2
→ tc

Ttotal =

(
Ttrans +

N3

P 3
2
→ tc

)
→

(⇑
P ↓ 1

)
+ ts

=

(
N3

P3

)
tc ↓

(
N3

P 3
2

)
tc + Ttrans

⇑

P ↓ Ttrans + ts (5.1)

assuming a network with enough bandwidth capacity,

ts ↘ 0

Ttotal = O

(
N3

P3

)
↓O

(
N3

P 3
2

)
(5.2)

Eqn 5.2 demonstrates that SMBS has theoretical algorithmic complexity which is com-

parable to well-known algorithms such as SRUMMA, and the Cannon algorithm. But,



Chapter 5. Matrix-Matrix Multiplication 79

unlike SRUMMA which has theoretical algorithmic complexity bounded b, O
(

N3

P

)
+

O

(
N2
⇑

P

)
+O

(⇑
P
)

, the analysis indicates a further reduction in the theoretical time

complexity for SMBS, particularly for some increasing workloads. This translates into

potential superior operational throughput and lower latencies.

5.5 EPGASS and the Single Matrix-Block-Shift Algorithm

5.5.1 The General UPC algorithm

The PGAS implementation of SMBS enhances data locality, utilizes collective opera-

tions, and efficiently handles data distribution and communication among threads on

the distributed shared-memory architecture. This study utilises the 2-D block-cyclic data

distribution, which has been shown to be key to achieving scalable performance. In the

2-D block-cyclic data distribution, processors operate primarily in parallel on local data.

Remote data is retrieved in large blocks by each processor to optimize memory band-

width and minimize the impact of memory latency.

A traditional UPC implementation of the matrix-matrix multiplication with a block

distribution is shown in code listing 5.1 below. The implementation closely resem-

bles traditional sequential code, making UPC straightforward to program and enabling

incremental parallelization of existing sequential codes. Shared (global) arrays are de-

clared using the keyword shared [block-size], which distributes the arrays in blocks per

thread in a round-robin manner.
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shared[N] double A[N][N], B[N][N], C[N][N];

void matrixmultiply_upc()

{

int i, j, k;

double mysum;

upc_forall(i = 0; i < N; i++; &A[i][0])

for (j = 0; j < N; j++)

{

mysum = 0;

for (k = 0; k < N; k++)

sum += A[i][k] * B[k][j];

C[i][j] = mysum;

}

}

LISTING 5.1: UPC Matrix-matrix multiplication with Block distribution

5.5.2 PGAS SMBS

Considering the matrices

AM,K =





a1,1 a1,2 a1,3 · · · a1,K

a2,1 a2,2 a2,3 · · · a2,K

a3,1 a3,2 a3,3 · · · a3,K

...
... . . . ...

aM,1 aM,2 aM,3 · · · aM,K





and BK,N =





b1,1 b1,2 b1,3 · · · b1,N

b2,1 b2,2 b2,3 · · · b2,N

b3,1 b3,2 b3,3 · · · b3,N

...
... . . . ...

bK,1 bK,2 bK,3 · · · bK,N





the matrix-matrix product given by:

C ≃ A → B, where ci,j =
K

∑
k=1

ai,kbk,j

where A, B and C are dense matrices. The algorithm proceeds as follows:
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1. Partition matrices A and B into m → n blocks and distribute A column-wise and

B row-wise such that A+
0,0 and B+

0,0 are located on processor thread P0,0, A+
0,1 and

B+
1,0 on processor P0,1, etc. The blocks are distributed such that, the number of

columns of A equals the number of rows of B as illustrated in figure 5.3. Each

processor has data affinity to local blocks of data. Particularly, for blocks of ma-

trix A which are not shifted, the distribution is done such that each thread has

affinity to local block data. The specific declarations used to block and distribute

the A and B matrices are illustrated in Listing 5.2. The striped 2D array distribu-

tion, with a blocking factor, THREADS, is used for the B matrix, ensuring that the

matrix (array) is allocated in contiguous blocks on the appropriate threads. This

tiled layout ensures (M → N)/b2 parallelism with the worst-case O(1/b2) remote

accesses.

struct col_block {

float tile[b][block_cols];

};

shared col_block A [M/b][K/block_cols];

struct row_block {

float tile[block_rows][b];

};

shared [THREADS] row_block B [K/block_rows][N/b];

/* C Matrix is distributed in similar manner as A */

shared col_block C [M/b][N/block_cols];

..

LISTING 5.2: UPC SMBS Block definition and distribution

where M, N and K are assumed to be multiples of THREADS; the resulting block-

ing factor from the qualifiers is generally computed as:
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sizeo f (a)
upc_element_sizeo f (a)

+ THREADS ↓ 1

THREADS

The block decomposition provides an efficient contiguous chunk distribution for

both A and B matrices, and thus reducing the number of data movements by a

factor of at least two (2) for matrix B compared to the original Cannon matrix-

matrix multiplication algorithm. UPC THREADS determine the affinity of each

data element(i), thus, improving the time complexity and performance, especially

given optimum block-size which fits into the higher memory hierarchy such as

cache, with corresponding reduction of cache misses. Generally, an element i of a

blocked data array has an affinity to thread:

[
i

blocksize

]
mod THREADS

2. After the data partitioning, each thread then performs computation on the local

blocks, following a similar approach to the distributed parallel architecture (MPI)

implementation.

3. During each iteration in the computational loop, call Reduce on the row to get the

sum of all the partial sums, i.e., ∑col_size
j=0 ci,j. This results in the final C+

i,j block of C.

MYTHREAD (UPC thread identifier) of the processor Pi,j which will hold the C+
i,j

is computed in a manner similar to the MPI implementation as follows:

(i + row) mod col_size.

where i is the ith iteration,

row is the row-number, and col_size is the total number of columns per row.

4. The blocks of B matrix are then shifted one step up with wrap-around;

5. Compute the next block multiplication, and Reduce the partial results per row,

and repeat m ↓ 1 times. The formal presentation of the algorithm is also illus-

trated in Algorithm 5.4.
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Algorithm 5.4: PGAS SMBS

Data: shared A[M][K], shared B[K][N], gridsize m → n

Result: C[M][N]

begin
Distribute A column-wise and B row-wise across the m → n grid in shared
memory.

for r ≃ 0 to m ↓ 1 do

UPCMatrixMultiply(Ai,k, Bk,j, C+
i,j)

ReduceMatMultPerRow( C+
i,j, Ci,j )

j ≃↓ (row + r) mod p

Cr,j ≃↓ ∑p↓1
j=0 C+

r,j

Up-circular-shift each column of B by 1,so that Bi,j is overwritten by Bi,(j+1) mod p

return C

The blocked algorithm divides matrices A, B, and C into blocks of size BLOCK_SIZE.

The algorithm performs
N
P

iterations of matrix-matrix multiplication, in each iteration

it computes the dot product of a block of the matrix A and a block of the matrix B,

which takes O

(N2

P

)
operations. In addition, it shifts blocks of matrix B, which takes

O

(N2

P

)
operations.

Generally, in the UPC shared memory model, given the declaration of the shared array

below:

shared[b] < type > A[d0][d1] . . . [dn]

array A is organised in memory in a block-cyclic scheme with a blocking factor of b. To

locate an array index v = v0, v1, . . . , vn↓1 for an element, A[v], the linearized row-major

index is computed as follows:

L(i) = v0 →
n↓1

∏
j=1

dj + v1 →
n↓1

∏
j=2

dj + . . . + v1
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Algorithm 5.5: UPCMatrixMultiply

for s ≃ 0 to P ↓ 1 do

shi f t ≃ (my_col ↓ s + P) mod P

upc_memget(A[my_row ⇓ N/P][shi f t ⇓ N/P], A[my_row ⇓ N/P][shi f t ⇓
N/P], N/P ⇓ BLOCK_SIZE ⇓ sizeo f ( f loat))

upc_barrier()

for i ≃ my_row ⇓ N/P to (my_row + 1) ⇓ N/P step BLOCK_SIZE do

for j ≃ my_col ⇓ N/P to (my_col + 1) ⇓ N/P step BLOCK_SIZE do

for k ≃ s ⇓ N/P to (s + 1) ⇓ N/P step BLOCK_SIZE do

for ii ≃ i to i + BLOCK_SIZE do

for jj ≃ j to j + BLOCK_SIZE do

for kk ≃ k to k + BLOCK_SIZE do

C[ii][jj] ≃ C[ii][jj] + A[ii][kk] ⇓ B[kk][jj]

This linearized index underpins the block-cyclic arrangement, and the UPC thread on

which the array element A[v] resides can be computed. Within a thread’s local storage,

the array is stored as a collection of blocks. The course of an array element refers to the

block number where the element is located, while the phase specifies its position within

that block [123].






thread(A, v) ::=


L(v)
b


mod T

phase(A, v) ::= L(v) mod b

course(A, v) ::=


L(v)
b → T


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It is worth noting that the size of each block is a trade-off between the amount of com-

putation and the amount of data movement, the optimal size of the block will depend

on the specific system. The optimal block size depends on various factors, such as the

cache size and associativity of the processor, the memory access patterns, and the size

of the data. Choosing blocks which reduces cache-misses and increases data-locality,

ensures a higher algorithmic performance. In this implementation, there is no need for

explicit block transfers as each thread has access to the shared array, though, threads

have affinity to local blocks. Regardless of the affinity of the data, all processors have

access to any location within the shared-space array using traditional array index op-

erations. The underlying runtime mechanisms generate the necessary communication

and remote calls.

5.6 Performance Evaluation

5.6.1 Experimental setup

The study investigated the performance of the SMBS algorithm with the Cannon and

variants of the SRUMMA algorithms included in the Global Arrays Toolkit, on the Edi-

son cluster of the National Energy Research Scientific Computing Center (NERSC). The

experiments were conducted using up to 2500 cores of the cluster. Each selected cluster

node has two sockets, with a 12-core 2.4 GHz Intel Xeon CPU E5-2695 v2 (“Ivy Bridge”)

processor, a total of 24 cores and 64 GB DDR3 1866 MHz memory (four 8 GB DIMMs per

socket) per node. The nodes are interconnected in a Dragonfly topology with the Cray

Aries. All the codes were written in C and compiled using Intel MPI. Each of the experi-

ments was conducted using random non-zero synthetic double-precision floating-point

numbers. The Intel MPI 5.0 library and the Global-Array toolkit GA-5.2 were used.

Another set of experiments was conducted to assess the performance of the distributed

shared-memory implementation of SMBS with a tuned state-of-the-art SRUMMA matrix-

matrix multiplication from the Global Array toolkit 5.2. These performance evaluations

were conducted on the Centre for High Performance Computing (CHPC), South Africa,

Lengau Cluster. This petascale system consists of Dell servers, powered by 5th gener-

ation Intel processors with 56 Gbps FDR Infiniband interconnect. Each compute node
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comprises of 24 2.6 GHZ Intel Xeon cores, with 64GB of memory. The study eval-

uated the algorithms using up to 256 CPU cores, and use dense matrices generated

from random non-zero synthetic double-precision floating-point numbers as well as

the real-world image dataset, CIFAR-100 (Canadian Institute for Advanced Research,

100 classes) [124]. CIFAR-100 is a benchmark dataset created by the Canadian Insti-

tute for Advanced Research, and widely used in machine learning and computer vi-

sion research. They are crucial for developing and testing various image recognition

and classification algorithms. It consists of a labelled subset of 80 million tiny images’

dataset, including, 60000 32 → 32 colour images. The CIFAR-100 dataset consists of

100 classes grouped into 20 superclasses, with each class containing 600 images. Each

image is assigned a “fine” label (indicating its specific class) and a “coarse” label (in-

dicating its superclass). 500 of the images are marked as training datasets, and 100 as

testing dataset per class. The CIFAR-100 dataset contains a diverse range of objects and

scenes, reflecting various real-world scenarios that algorithms might encounter. This

study extracted the images from the CIFAR-100 dataset and converted them to their

matrix representations to provide a real-world application dataset.

For each test, the algorithm was run three (3) times and the average time (given as

the difference between the start and end times) reported. The time was reported us-

ing the MPI_Wtime() (for MPI implementations), as well as the upc_ticks_now() and

UPC_TICKS_PER_SEC (for UPC implementations). These provide wall-clock time in

seconds with high precision to capture the computation time for each run.

5.6.2 Result And Discussion

The study conducted several experiments to evaluate the efficiency of SMBS in com-

parison to the Cannon and SRUMMA algorithms, assessing both blocking and non-

blocking implementations. The first test involved increasing the matrix sizes (N → M)

from 900 → 900 to 10, 800 → 10, 800 while the number of nodes and processing cores

remained the same. For simplicity in the evaluations, N was set to N = M in all experi-

ments, making both matrices A and B of sizes N → N. The time to compute the solution

C ≃↓ A → B for each of the Cannon and variants of the SRUMMA algorithms was
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compared to SMBS. The primary goal in these tests was to evaluate the effect of dis-

tributing across several nodes, in which case inter-node latencies will affect the overall

computational throughput. Additional sets of experiments were conducted to charac-

terize the scalability of the algorithms given a different number of processing cores and

workload sizes.
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FIGURE 5.5: Computational time and Operational throughput for vari-
ous Matrix Sizes using 2500 cores

Figures 5.5a,5.6a and 5.7a present the average time to compute the solution, while
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FIGURE 5.6: Computational time and Operational throughput for vari-
ous Matrix Sizes using 900 cores

Figures 5.5b, 5.6b and 5.7b present the corresponding operational throughput in ter-

aflops (TFLOPS). Each test was repeated 3 times and the average time, and throughput

recorded. The matrix sizes used are the squares of those shown in the figures (i.e., 900

corresponds to a 900 → 900 matrix, 1800: refers to a 1800 → 1800 matrix, etc.).

Figure 5.5a highlights a general increase in computation time as the size of the ma-

trices increases for all the algorithms. As the matrix sizes increase, more resources
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FIGURE 5.7: Computational time and Operational throughput for vari-
ous Matrix Sizes using 400 cores

are required by each processor, since the corresponding block sizes per core also in-

crease. This results in more communication and computation between nodes, and sub-

sequently resulting in increased latencies. SMBS performs better than Cannon since

it does fewer data movement and hence less inter-node communication. The non-

blocking SMBS (referred to as NB_SMBS) shows a much better performance improve-

ment compared to the non-blocking implementation of the Cannon algorithm (referred

to as NB_CANNON). As the sizes of the matrices increase, the rate of increase in the
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latency is much lower in the SMBS than in the Cannon’s algorithm. Both non-blocking

algorithms have significantly lower latencies (close to 50% for NB_SMBS and 60% for

NB_CANNON) as expected, with NB_CANNON growing much faster in terms of the

worst latency. This is primarily because as the matrix sizes increase, so does the block

sizes and the subsequent increase in the time to perform block shifts. Although the non-

blocking implementations overlap computation with data movement, the overhead

cost incurred is obvious from the experimental results, particularly for NB_CANNON.

NB_SMBS does not incur much latency in data movement since data movement is lim-

ited to only a single matrix, whiles employing latency hiding by overlapping the data

communication with the computation and hence the better performance recorded. Fur-

ther, unlike the NB_CANNON, NB_SMBS takes advantage of data locality since the A

matrix is not shifted during the data shifting steps. This naturally translates into the

higher FLOP values as shown in Figures 5.5b, 5.6b and 5.7b. Furthermore, it was

noted that NB_SMBS performed comparably to the highly tuned SRUMMA, outper-

forming SRUMMA for some workloads. NB_SMBS outperformed the NB_CANNON

in all workloads as anticipated. Generally, more cores will result in fewer blocks per

core, as well as faster data transfers and computations and effectively lower latencies.

The next set of experiments were conducted to determine the scaling efficiency (scala-

bility) of SMBS, especially the non-blocking SMBS, compared to Cannon and SRUMMA.

In the strong scaling test, the experiment evaluates how the computational time of a

fixed-size matrix changes when the processor resources increase. The goal of the strong

scaling test is to assess the efficiency of the algorithm when additional computational

resources are allocated. The weak scaling test, on the other hand, measures how the

time to compute the product varies with processor count with a fixed system size per

processor.

In the strong scaling test, the workload was fixed at 10800 → 10800 while increasing the

processing cores. The average FLOPS for three (3) runs was computed after increas-

ing the processor cores from 100 to 2500 cores. Figure 5.8a shows the graph for the

strong scaling efficiency test. As the number of processor cores increases, less work is

required by each core/worker, and therefore the computational time reduces, and the

operational throughput for that matter increases. Operational throughput generally
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FIGURE 5.8: Evaluation of algorithms’ scaling efficiency. This exper-
iment kept a fixed problem size of 10800 → 10800 and increased the
number of processors from 100 to 2500 cores in the strong scale test.
In the weak scale test, the workload was increased from 60 → 60 to
14400 → 14400 matrices, while the processors increased from 25 to 6400

cores

increases as the core count is increased. However, a slow increase is observed in the

blocking algorithms. This could be attributed to an increase in inter-process commu-

nication latencies which is, however, overlapped with computation resulting in good

scaling efficiency for the non-blocking algorithms.
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Additionally, Figure 5.9 further shows the results of evaluating the scaling efficiency

of SMBS compared to the Cannon algorithm and SRUMMA variants. Variants of the

SRUMMA used here refer to various matrix transposition configuration options for the

Global Array (GA) PDGEMM algorithm. In Figure 5.9, this section refers to SRUMMA

as the configuration with no matrix transpositions, SRUMMA(NT): when the B matrix

is transposed, SRUMMA(TN): when the A matrix is transposed and SRUMMA(TT):

when both A and B matrices are transposed. In this strong scaling test, the number of

cores was increased from 16 to 900 cores with a workload of 4000 → 4000 matrix. The

figure highlights similar results observed in Figure 5.8a with NB_SMBS demonstrat-

ing comparable performance as the number of processor cores increased, and outper-

forming SRUMMA (NT, TN, and TT) in some instances. It was also noted that, the

performance gap between NB_SMBS and NB_CANNON increases significantly as the

number of cores increase. This is because more cores require more inter-node commu-

nication. NB_SMBS minimises the amount of such communications and consequently

translates to a relatively better performance than the Cannon algorithm.

Figure 5.8b shows the results of the operational throughput in TFLOPS for the weak
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scaling test in which the workload (matrix size) is increased from 60 → 60 to 14400 →

14400 while increasing the processor cores from 25 to 6400. The test shows a gen-

eral increase in performance as both cores and problem sizes increase. Performance

gains increased at a much higher rate when P = 1600 (corresponding to matrix size of

3600 → 3600) in most cases, though there was a gradual increase from the initial cases.

SRUMMA did perform best of all, however, NB_SMBS demonstrated a comparable

performance as the number of processor cores increased with load. The NB_SMBS al-

gorithm performed better than Cannon’s algorithm as the processor/load increased.

5.6.3 EPGASS SMBS

This study evaluated the distributed shared-memory implementation of the algorithm

using UPC. Experiments were conducted to test the algorithm with both synthetic and

real-world matrix datasets compared to that of the well-known SRUMMA from the

global array toolkit and UPC versions of the Cannon algorithm. The study subse-

quently investigated how the algorithms scaled with different cores and workloads,

including the assessment of inter-node latencies, which affect computational times.

The initial set of experiments in this group varied the matrix size (N → M) from 900 →

900 through to 10, 800 → 10, 800 in a manner similar to previous experiments, while

keeping the number of nodes and processor cores constant. The average times taken to

compute the solution C ≃↓ A → B for the algorithms were recorded and compared.

Figures 5.10a and 5.11a show the average times to compute the solution, and Fig-

ures 5.10b and 5.11b show their corresponding throughputs given varying matrix sizes.

Computational time was found to increase with matrix size for all the algorithms con-

sidered. As the sizes of the matrices increase, there is more workload for the proces-

sors. The block sizes per core increase, resulting in more inter-node communication,

as well as increased latencies. SMBS performs better than the Cannon since it does rel-

atively fewer remote accesses, and effectively less inter-node communication. As the

sizes of the matrices increase, the rate of increase in the latency is relatively lower in

the SMBS compared to Cannons’ algorithm. Both algorithms show significantly lower

latencies, as expected, compared to the earlier message passing implementations. The

distributed shared-memory implementation does not involve explicit data transfers,
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FIGURE 5.10: Average time and throughput for various Matrix work-
loads for 256 cores

but leverages the underling RMA capabilities, including data locality, which further

enhances algorithmic performance. This translates into the relatively higher FLOP val-

ues shown in Figures 5.10b and 5.11b. SMBS demonstrates a comparable performance

to the SRUMMA. The SRUMMA algorithm from the Global array library (ga_dgemm)

adopts the distributed shared memory, including a tuned blocked allocation technique
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FIGURE 5.11: Average time and throughput for various Matrix work-
loads for 196 cores

to optimise performance, though it requires some additional memory. SMBS was ob-

served to outperform SRUMMA for certain workloads and processor core counts.

The figures in 5.12a and 5.12b illustrate the comparative scaling efficiency of the al-

gorithms discussed. In the strong scaling tests, the experiments maintained a fixed

workload of 10800 → 10800, while the number of processing cores was increased from

16 to 256, with average throughput subsequently computed. As the number of cores
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FIGURE 5.12: Evaluation of algorithms’ scaling efficiency. The strong
scale test maintains a fixed problem size of 10800 → 10800, while the
number of processors is increased to 256 cores. For the weak scale test,
however, the workload is increased from 60→ 60 to 14400→ 14400 matri-
ces, while the number of processors are doubled from 16 cores up to 256

cores

increase, less work is required by each core and therefore the computational time re-

duces and operational throughput increases. The operational throughput generally in-

creases as the number of cores is increased, though, the inter-node communication and
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remote data accesses increase as well. However, overlapping the computation with the

communication in the implementations results in good scaling efficiency for the algo-

rithms. Figure 5.8b shows the results of the throughput for the weak scaling scenario

in which the matrix sizes are increased from 60 → 60 to 14400 → 14400 while increasing

the processor cores from 16 to 256. The test shows a general increase in performance

as both cores and problem sizes increase. SRUMMA did perform best of all, however,

SMBS had a comparable performance as the number of processor cores increased with

load. SMBS demonstrated throughput performance improvements of about 1.15→ over

SRUMMA at 6400 cores. As the processor/load increased, SMBS outperformed Can-

non’s algorithm as expected and demonstrates a performance comparable to that of the

SRUMMA algorithm.

Finally, figures 5.13b, and 5.13a highlight the scaling efficiency and throughput of the

algorithm using a real-world image processing dataset, showing performance gains

with increasing processing resources. The extracted image datasets were converted to

their representative matrices M, and the solution C computed such that: C = M →

M. The images from the CIFAR-100 datasets are effectively represented as 3D ten-

sors (height → width → colour channels). For simplicity, this study uses a single colour

(grayscale) channel represented as a 2D matrix. The elements of the resulting matrix, C,

represent the interaction between pixel values across the image. Each element encap-

sulates a blend of intensities from different parts of the image. This is used in some ad-

vanced image processing techniques, like convolution operations, where filters or ker-

nels are applied to extract features. These concepts are often used in machine learning

and computer vision problems, where filters consisting of small matrices are multiplied

with the image patches to uncover relevant features [125–127]. Similarly, multiplying

these matrices by themselves (or with their transposes) could also be used in Principal

Component Analysis (PCA) and other techniques to analyse image properties, such as

computing the covariance matrix to understand variance and correlation in pixel in-

tensities [128, 129]. Appendix Figure A.1 illustrates the application of a 3 → 3 matrix

filter/kernel to a grayscale input image in a layer of a Convolutional Neural Network

(CNN) to obtain the convolved feature, which is passed on to the next layer in the net-

work. CNN is a specialized type of deep learning model designed to process data with
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FIGURE 5.13: Evaluation of algorithms’ scaling efficiency with CFAIR-
100 image processing dataset
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grid-like topology, such as images [130]. They are particularly effective in image and

video recognition, recommender systems, as well as natural language processing, using

convolutional layers to adaptively learn spatial hierarchies of features from input data.

5.7 Chapter Summary

Many algorithms for scientific and numerical computations employ matrix-matrix mul-

tiplication as a fundamental operation, serving as the foundation for numerous opera-

tions used in numerical solvers and graph theory problems. Several algorithms (such

as Cannon, PUMMA, SUMMA, etc.) have been proposed for the implementation of

matrix-matrix multiplication on distributed memory architectures, and these have been

extensively studied. One objective of distributed in-memory processing is to lever-

age distributed computing and memory resources to enhance algorithmic performance,

particularly for large datasets.

This study has presented a Single-Matrix-Block Shift distributed matrix-matrix multi-

plication algorithm which scales well with increasing number of cores and provides

a better performance than the existing Cannon’s algorithm by up to ↘ 2.3→ and per-

forms comparatively to a well-tuned SRUMMA algorithm. SMBS achieves higher per-

formance by limiting the number of block shifts and essentially reducing the amount

of data movement (Shifts) in the traditional Cannon algorithm. SMBS presents an el-

egant approach to obtain final block results per computational loop unlike Cannon’s

and other well-known algorithms like SRUMMA, LaPACK, etc., which present partial

results until the final reduction step is complete. SMBS eliminates the final reduction

step as the final results become available per iteration. This makes SMBS very applica-

ble to image processing applications, for instance, which require several portions of the

final product while processing continues.

Communication has been identified to contribute more than half of the total latency in

large distributed algorithms. Thus, a technique to minimize data movement and inher-

ently exploit data locality is much desirable. SMBS consequently reduces the amount

of communication and data movement during computation. Matrix-matrix multiplica-

tion, which is a foundational routine in many scientific applications, can leverage the
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enhancement shown by SMBS for further performance gains and processing through-

put. The study further introduces a non-blocking SMBS implementation that employs

non-blocking point-to-point messaging to overlap communication with computation,

yielding performance improvements exceeding 5→ relative to the blocking SMBS in

dense matrix–matrix multiplication.

Furthermore, this study presented the implementation of SMBS within the PGAS paradigm

and evaluates its performance using synthetic datasets as well as real-world datasets

for image processing and classification in deep learning. The matrix-matrix multiplica-

tion of the real-world CFAIR-100 datasets presents concepts adopted in some advanced

techniques, like convolution operations in convolutional neural networks, as well as

dimensionality reduction and feature extraction. The study has shown from the experi-

mental results that exploiting data locality, and cache coherency subsequently results in

improved algorithmic performance. The implementation introduces an efficient tech-

nique for accessing data blocks across distributed memory, with potential for further

tuning to improve performance. Providing a shared memory space that all processors

can access abstracts the complexity of direct message passing, significantly reducing

the cost associated with establishing and managing communication channels.
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Chapter 6

k-d Trees And EPGASS

6.1 Introduction

The k-d tree is a data structure that is used to organize points in a k-dimensional space

by recursively partitioning them along alternating axes, and thus extends the concept

of a binary search tree to accommodate multiple dimensions. Each leaf node represents

a point in the k-dimensional space. A non-leaf node in a k-d tree partitions the space

into two regions, known as half-spaces, with the left subtree representing points in the

left subtree and the right subtree representing points in the right subtree. By separat-

ing space through split regions, nearest-neighbour searches, for example, can be made

much faster when using an algorithm such as the Euclidean clustering. Generally, for

the planes 0, 1, 2, . . . (k ↓ 1), a data point at a depth d, will have a plane P, which is

calculated as: P = d mod k. If the root node is aligned with plane P, the left subtree

will consist of all points with coordinates in that plane smaller than the root node’s co-

ordinate. Conversely, the right subtree will include all points with coordinates in that

plane greater than or equal to the root node’s coordinate.

Given a set of spatial search queries in Euclidean space, illustrated in Table 6.1, a brute-

force search would perform them by inspecting all the data points in the set. When

performing m queries on a set of n data points, this could result in O(mn) operating

time, which would be inefficient for many applications. Hyperplanes that are orthogo-

nal to one of the coordinate axes are used to define a recursive partitioning of the space.
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The spatial queries presented in Table 6.1 can be accelerated and executed more effi-

ciently by focusing solely on the points within the relevant partitions when the search

space is structured into geometric regions. The k-d tree has been widely researched,

leading to the development of many variants, primarily distinguished by the meth-

ods used to determine the splitting planes [131–133]. For example, the spatial median

heuristic divides the space at the midpoint of the widest dimension of the current node.

More sophisticated heuristics, including the Surface Area Heuristics (SAH), choose to

use a splitting plane by characterizing the spatial distribution of a node’s data points.

Unlike the spatial median, the SAH k-d tree [134, 135] attempts to reduce the running

time for the nearest neighbour and related traversals. SAH chooses splitting planes by

minimizing a defined cost function C(S).

6.2 Background

Over the past years, k-d trees have received considerable attention, especially in build-

ing the tree index for efficient traversals with optimized low-level implementation and

memory layout. The construction of an efficient k-d tree (with n elements) can be time-

consuming, with a time complexity that could typically range from O(n log n) to O(n2).

TABLE 6.1: Sample queries in space: where P is a set of data points in Rk

space, and q a search/query point in Rk.

Definition

1 Nearest neighbour argminp⇐P⇔p ↓ q⇔

2 k-NN X ↖ P s.t. |X| = K and ⇔x ↓ q⇔ ⇒ ⇔y ↓ q⇔ for any
x ⇐ X and y ⇐ P \ X

3 Range query {p ⇐ P | ⇔p ↓ q⇔ < r}

While the k-d tree can significantly accelerate searches compared to brute-force meth-

ods, the construction time often remains a drawback in many applications. Parallelism

in modern processors and high-performance infrastructure offers opportunities for fur-

ther speed-ups and optimizations. Though traversals are relatively easy to parallelize

over a large number of queries, the tree construction and balancing is not as easily par-

allelized, and presents a serial constraint to applications if not parallelized. Unlike tree
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indexes such as the Red–Black trees, AVL trees, and B-trees, the k-d tree construction,

particularly keeping the tree balanced, is a very challenging task since the structure

cycles through different dimensions at each level of the tree. There have been several

attempts to parallelise and scale the construction of the k-d tree to optimise perfor-

mance [132, 133, 136, 137].

The primary objective of many previous works was to be able to process large-scale,

multidimensional datasets more effectively, particularly for k-nearest neighbour (k-NN)

searches. Patwary et al. [136] adopted a distributed tree construction approach using

message passing that involved global and local tree construction mechanisms where

the underlying data is split and distributed among the available nodes, which con-

struct local k-d trees independently. A k-NN search with their implementation results

in the traversal of the global tree to identify the node that owns the domain containing

the query, which then receives the query for further processing [136]. Their approach

ensures efficient data partitioning and load balance to enhance query results.

The Fast Library for Approximate Nearest Neighbours (FLANN) [138, 139] is one of

the state-of-the-art libraries which contains a collection of optimised algorithms for

performing fast approximate nearest neighbour searches in high dimensional spaces.

The library includes several k-d tree implementations which have been incorporated

into various machine learning and computer vision libraries such as the Point Cloud

Library (PCL) [140, 141], and the Vision Lab Features (VLFeat) [142] library for efficient

spatial searches. The FLANN library includes the Randomized k-d tree implementa-

tion which constructs multiple k-d trees with random variations, which increases the

algorithm’s probability of finding the nearest neighbours quickly. This approach, how-

ever, uses the approximate nearest neighbour searches, which strikes a balance between

accuracy and computational speed.

In this chapter, the thesis explores and presents an alternate parallel k-d tree construc-

tion algorithm, leveraging the EPGASS in-memory data storage technique. The study

uses a distributed approach similar to that of Patwary et al. [136] to optimise the tree
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construction. However, a distributed-memory approach with no explicit message pass-

ing is adopted, including a novel data partitioning approach which enhances data lo-

cality. Additionally, the chapter presents the experimental comparative evaluations of

the tree construction as well as nearest neighbour searches with the Fast Library for

Approximate Nearest Neighbours (FLANN).

6.3 Application of k-d trees

k-d trees are widely used in several applications, including graph partitioning, hier-

archical applications as well as databases. All of these applications may benefit from

efficient and fast balanced k-d tree construction. Some specific use cases include:

• Ray tracing and rendering in computer graphics to efficiently locate the nearest

surfaces intersected by rays, which is critical in generating realistic images.

• 2D range search, such as querying all points within a given range or hyper-

rectangle commonly used in database searches, geographic information systems

(GIS), and multidimensional indexing.

• Spatial databases to efficiently index spatial data for the fast retrieval of spatial

objects such as points, lines, and polygons.

• Nearest-neighbour query to locate the closest point(s) to a given point in multi-

dimensional space in many areas, such as computer vision, robotics, and pattern

recognition.

• Machine learning, in classification and regression problems, k-d trees are used for

efficient k-nearest neighbour searches, which are often part of the model training

and prediction processes.

• Collision detection, in robotic motion planning to find nearest neighbours for ob-

stacle avoidance and pathfinding.

• Flight simulators for spatial indexing and efficient search of 3D space. They are

particularly useful for handling large datasets and performing fast queries, which

are essential for real-time rendering and interactive elements of flight simulators.
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• Several vision algorithms conduct searches on an existing collection of images.

For example, searching through millions of photos to identify possible replace-

ments to fill missing image regions; labelling images based on similarity with

pre-labelled images in a repository; object detection, and many more. The similar-

ity between entire images can be evaluated using the Euclidean distance between

their feature vectors, either for the entire image or for localized regions within

the image. The operations involved in image search are frequently a nearest-

neighbour search in Euclidean space, which k-d trees can accelerate the search

step.

6.4 The Spatial Median k-d tree structure

Generally, building a k-d tree largely depends on where to place the splitting plane, as

well as when to stop the recursion. The spatial median algorithm splits along a dimen-

sion pk, chosen in a round-robin fashion, with the hyperplane positioned at the spatial

median of the selected dimension. Considering a set of k-dimensional keys in a linear

space Rn, where a point in Rk is (x1, x2, . . . , xk), each node will have a key and an as-

sociated split axis. The split axis i is an integer such that 0 ⇒ i ⇒ k ↓ 1. The space is

divided into two partitions with respect to x[i]. All keys y with y[i] < x[i] go into the

left partition/subtree, and all the keys with y[i] ↙ x[i] go into the right subtree. This is

recursively applied to all subtrees, until empty nodes are reached. The splitting plane at

each node is determined by alternating dimensions at each level, starting sequentially

with 0, 1, 2, . . . , k ↓ 1.

Definition 1. Generally, a k-d tree for a set of k-dimensional points is a binary search tree

characterized by the following properties:

1. Each node has a k-dimensional point and an associated split axis i ⇐ {0, . . . , k ↓ 1}

2. For every node with point x and split axis i, any point y in its left subtree satisfies y[i] <

x[i], while a point y in the right subtree satisfies y[i] ↙ x[i].
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3. The root node has depth 0 and a split axis 0. A node at depth d has a split axis given by d

mod k.

Given a sample dataset S ↖ Rn and split axis i, a canonical bulk build of the k-d tree

based on this dataset will proceed making one node per loop with a recursive algorithm

as follows:

1. Order the data points in S based on the i-th coordinates;

2. Choose the median point after the reordering as the value of the current node,

and note the split axis i;

3. Set SL as points before the median and SR as points after the median point in S.

SL will be the left subtree and SR will be the right subtree of the current node.

4. Reset i ≃ (i + 1)mod n. This is repeated 1 to 3 recursively on the left and

right subtrees, alternating the dimensions at each level. The splitting process is

applied sequentially across the n dimensions, with the procedure returning to the

first dimension after the final dimension is reached.

For example, creating a k-d tree from the elements (9,4), (6, 9), (12,6), (5,3), (3, 10.5), (2,

12), (11, 11), (13,2) in a 2D space results in the following:

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14
0
1
2
3
4
5
6
7
8
9
10
11
12
13
14

(2, 12)

(3, 10.5)
(6, 9)

(5, 3)
(9, 4)

(11, 11)

(12, 6)

(13, 2)

(9, 4)

(6, 9) (12, 6)

(5, 3) (3, 10.5) (13, 2) (11, 11)

(2, 12)

x < 9 x ↙ 9

y < 9 y ↙ 9 y < 6 y ↙ 6

x < 3
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The cost Tc of constructing this median-split k-d tree with N items involves O(N) op-

erations to sort T into TL and TR, in addition to the cost of recursively constructing the

two children, 2T(
N
2
), consequently:

Tc = N + 2T(
N
2
) = · · · =

log N

∑
i=1

2i(
N
2i ) = N log N (6.1)

6.5 Parallel k-d tree Algorithm

6.5.1 Tree Construction

Applications that employ the k-d tree can leverage on the data structure for fast traver-

sals and high performance. However, the construction of the tree must be accelerated in

order for applications to benefit from any performance gains. Given the task of build-

ing a k-d tree from P array data points in k dimensional space using T threads in a

distributed shared memory system. The study assumes that both P and T are powers

of 2 for ease of presentation, with P ↙ T2. This study adopts node-level parallelism

to build the subtrees under each child independently. The recursive tree construction

algorithm using the median-split approach is illustrated in Algorithm 6.1.

6.5.2 Tree Construction Optimisations

The section presents a distributed shared-memory implementation of the median-split

k-d tree construction algorithm which leverages a novel data partitioning and distribu-

tion scheme. The approach provides optimised data affinity while ensuring that each

thread works on a contiguous block of data to minimise remote accesses. The tree

nodes created by each thread are kept within the shared space with data affinity to the

respective thread.

Block-based data partitioning approach is adopted, where each thread is assigned con-

tiguous blocks of data. The upc_memget and upc_memput functions are used to batch

memory operations, thus minimizing the overhead of accessing remote data and im-

proving overall cache locality. Consequently, the k-NN search minimizes remote mem-

ory accesses by ensuring that data-intensive operations are handled locally within each
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thread’s affinity region. The implementation optimises the tree construction using a

thread-local approach, in which each thread constructs their k-d tree locally from as-

signed data blocks, allowing the threads to work independently. This approach further

reduces global synchronization since threads can work independently on their assigned

blocks. Additionally, data points are stored in a cache-friendly manner, such as using a

struct of arrays (SoA) instead of an array of structs (AoS), and prefetch points and tree

nodes where possible to minimize memory access latency.

Algorithm 6.1: Parallel k-d tree construction with Median-Split

Input: Data points P : {p1, p2, . . . , pn}, start: Starting index, end: Ending index,
depth: Current tree depth

Output: Pointer to the root of the shared k-d tree

axis ≃ depth mod k;

Sort points along the splitting axis;
quicksort_points(points, start, end, axis );

mid ≃ start + (end - start) / 2;

Allocate a node in shared memory;
node ≃ allocate_shared_node();

Copy the median point data to the node;
for d ≃ 0 to k - 1 do

node->point[d] ≃ points[mid * k + d];

end

Recursively build the left and right subtrees;
node->left ≃ build_shared_kdtree(points, start, mid - 1, depth + 1 );

node->right ≃ build_shared_kdtree(points, mid + 1, end, depth + 1 );

return node;

6.6 k-d tree Search Algorithms

6.6.1 Orthogonal Range Search Algorithm

The orthogonal range search operation identifies all points contained within a defined

(hyper)rectangle, specified by its lower and upper corners, lowerBound and upperBound.

The search returns all points x in the k-d tree bounded by the rectangle, such that

lowerBound[i] ⇒ x[i] ⇒ upperBound[i] for all i such that 0 ⇒ i < k.
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Given a set P of n data points in k-dimensional space Rk, and an orthogonal range

Q =

l(Q)
0 , u(Q)

0


→


l(Q)
1 , u(Q)

1


→ · · ·→


l(Q)
k↓1, u(Q)

k↓1


, the task of answering queries about

the subset of P that lies within the range Q is known as orthogonal range search. The

information gathered about P ∝ Q varies depending on the query. The simplest queries

include the reporting query, which lists all points in P ∝ Q, and the counting query,

which outputs the total number of points, |P ∝ Q|. A standard orthogonal range search

algorithm is shown in Algorithm 6.2 for completeness.

Orthogonal range search is commonly applied in database querying tasks, Geographic

information systems, computer-aided designs (CAD), and computer graphics. In many

of these applications, multiple queries are often performed on the same point set P ,

making it advantageous to leverage data locality and re-use.

6.6.2 Radius Range Search Algorithm

“Distance” numerically describes how far apart two points are in space, with Euclidean

distance being one of the most widely used distance functions. Generally, given points

p and q in n-dimensional space such that: p = p1, p2, p3, . . . pn, and q = q1, q2, q3, . . . qn.

the Euclidean distance is given by:

d(p, q) =

(p1 ↓ q1)2 + (p2 ↓ q2)2 + · · ·+ (pn ↓ qn)2.

The distance function is required to meet the following criteria:

• Positive: d(x, y) ⇒ 0;

• The distance of a point to itself is zero: d(x, y) = 0 if and only if x = y;

• It is symmetric: d(x, y) = d(y, x);

• It adheres to the triangle inequality property: d(x, y) + d(y, z) ⇒ d(x, z).
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Algorithm 6.2: Orthogonal Range Search in a k-d tree

Input: Root node of k-d tree root, query range [L, U], dimension d

Output: Array of points within the query range

Initialize an empty list result;

if root is a leaf node then

foreach point p in the leaf node do

if L[d] ⇒ p[d] ⇒ U[d] then

Add p to result;

end

end

return result;
end

if L[d] ⇒ root.median then

Add points from the left subtree satisfying L[d] ⇒ p[d] to result;

if L[d] ⇒ root.median then

Add points from the right subtree satisfying U[d] ↙ p[d] to result;

end

end
else

Add points from the right subtree satisfying U[d] ↙ p[d] to result;

if L[d] ⇒ root.median then

Add points from the left subtree satisfying L[d] ⇒ p[d] to result;

end
end

Recursively search left and right subtrees in dimension (d + 1) mod k;

return result;

6.6.3 Nearest Neighbour Algorithm

The nearest neighbour search algorithm returns the nearest points to a given point us-

ing a distance function. The k-nearest neighbour (k-NN) algorithm is a fundamental

technique in machine learning and pattern recognition, and has been the focus of sig-

nificant attention and research over the years. They are used for tasks involving clas-

sification and regression, enabling insightful predictions and patterns to emerge from

data. In these tasks, they operate by identifying the k closest data points to a query
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point, based on a specified distance metric, and making predictions based on the prop-

erties of these neighbours. For high-dimensional data, the k-NN algorithm can be com-

putationally intensive because it requires calculating distances between the query point

and all points in the dataset. The k-d tree is used to efficiently organize and search the

data. By leveraging the hierarchical structure of k-d trees, k-NN search becomes more

efficient, enabling a faster and scalable solution.

Using a k-d tree for k-nearest neighbour search involves navigating the tree structure to

identify the k closest points to a specified query point. Generally, a k-NN search using

a k-d tree proceeds as follows:

1. Starting with the root node, traverse the tree recursively to find the possible leaf

node containing the query point. Traversal involves comparing the query point

with the splitting hyperplane at each node, which determines movement to the

left or right child node according to the relevant axis.

2. When a leaf node is reached, traversal backtracks to the parent node, where the

distance between the query point and the corresponding hyper-rectangle is com-

puted.

3. The process continues with Step 2 for each ancestor node, terminating at the root

of the tree.

4. After visiting all relevant nodes, the priority queue will contain the k-nearest

neighbours to the query point.

By leveraging the properties of the k-d tree, such as pruning branches that are unlikely

to contain closer points, the k-NN search can be more efficient compared to brute-force

methods, especially for large and high-dimensional datasets.
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Algorithm 6.3: k-Nearest Neighbour Search using k-d tree

Input: Root node root, query point query, number of nearest neighbours K

Output: Priority queue pq containing K nearest neighbours

Initialize priority queue pq to store nearest neighbours;

lea f _node ≃ traverse_kd_tree(root, query, 0);

current_node ≃ lea f _node;

while current_node is not null do

backtrack(current_node, query, 0);

current_node ≃ current_node.parent;

end

return pq;

Algorithm 6.4: Traverse k-d tree to find leaf node

Input: Node node, query point query, depth depth

Output: Leaf node containing the query point

if node is a leaf then
return node

else

axis ≃ depth mod k;

if query[axis] < node.point[axis] then
return traverse_kd_tree(node.le f t, query, depth + 1)

else
return traverse_kd_tree(node.right, query, depth + 1)

end

end
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Algorithm 6.5: Backtrack to add candidate nodes to the priority queue

Input: Node node, query point query, depth depth

if node is null then

return;

end

dist ≃ distance(node.point, query);

if pq.size() < K or dist < pq.max_distance() then

pq.insert(node.point, dist);

if pq.size() > K then

pq.remove_max();

end

end

axis ≃ depth mod k;

if query[axis] < node.point[axis] then

backtrack(node.right, query, depth + 1);

end

else

backtrack(node.le f t, query, depth + 1);

end

if pq.size() < K or |query[axis]↓ node.point[axis]| < pq.max_distance() then

if query[axis] < node.point[axis] then

backtrack(node.le f t, query, depth + 1);

end

else

backtrack(node.right, query, depth + 1);

end

end
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Algorithm 6.6: Parallel k-NN Search
Input: k-d tree root node node, query point q, number of neighbors k
Output: List of k nearest neighbors

Function Parallelk-NN(node, q, k):
globalQueue ≃ InitializePriorityQueue();

Function 2:
Search(node, q, k, queue)

if node = ∅ then
return

axis ≃ depth of node mod k;
if q[axis] < node.point[axis] then

nearer ≃ node.le f t;
farther ≃ node.right;

else
nearer ≃ node.right;
farther ≃ node.le f t;

Search(nearer, q, k, queue);

UpdatePriorityQueue(queue, node.point, k);

if |q[axis]↓ node.point[axis]| < distance to farthest in queue then

Search( f arther, q, k, queue);

parallel for all processors;
localQueue ≃ InitializePriorityQueue();
Search(node, q, localQueue);
MergeQueues(globalQueue, localQueue, k);
end parallel;
return ExtractNeighbors(globalQueue, k)

6.7 Performance Evaluation

6.7.1 Experimental setup

The study carried out a set of experiments to evaluate the performance of the dis-

tributed shared-memory implementation of the k-d tree algorithm. The performance of

the augmented k-d tree implementation algorithm was compared with FLANN: a state-

of-the-art library which contains a collection of optimised algorithms for performing

fast approximate nearest neighbour searches in high-dimensional spaces. The perfor-

mance evaluations were conducted using up to 256 CPU cores on the Lengau Cluster

of the Centre for High Performance Computing, South Africa. The homogeneous clus-

ter consists of Dell servers which are powered by 5th generation Intel processors with

56 Gbps FDR Infiniband interconnect. Each compute node consists of 24 2.6 GHz Intel
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Xeon E5-2690 v3 processors with 64GB memory.

All codes were implemented in C and compiled with the Berkeley Unified Parallel C

compiler version 2022.10.0 or MPICH 3.4.3. The experiments were carried out using

real Geospatial Map Data of South Africa from the OpenStreetMap (OSM) powered

repository, Geofabrik [143]. The OpenStreetMap data for the region consists of more

than a million GIS points from different feature points in South Africa. In this experi-

ment, the GeoJSON files were downloaded and converted to Comma-separated values

(CSV) with longitudes and latitudes using the osmium command line tool [144], to allow

for easy experimentation. The performance of the augmented k-d tree implementation

was compared with the appropriate functions of the latest version of the FLANN li-

brary: version 1.9.2.

Each test was repeated three times, with the average execution time (difference between

start and end times) reported. Execution time was measured using MPI_Wtime() for

MPI and upc_ticks_now() with UPC_TICKS_PER_SEC for UPC, both providing high-

precision wall-clock time in seconds to capture computation time.

6.7.2 Results And Discussion

The efficiency of the algorithm was evaluated through a series of experiments, bench-

marked against the k-d tree index of the FLANN library. Performance evaluation en-

compassed both tree index construction and traversal operations, including nearest-

neighbour and range queries, using up to 1, 048, 576 data points in a 2D space from the

GIS dataset. For each experiment, the tests were executed 3 times and the average la-

tency was recorded. The goal of these tests was to see how distributing across several

nodes would affect operational throughput, as well as evaluate the scaling efficiency of

the algorithms with varying resources and workloads.

Building the k-d tree Index Structure

The initial data distribution times of the algorithms were profiled and compared. Fig-

ure 6.1 shows the data results, which highlights the differences in latencies for data
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distribution operations with varying numbers of processors. As the number of proces-

sors increases, load times and associated latency generally increase due to increased

communication among nodes. However, unlike the augmented UPC implementation,

the FLANN index requires explicit message passing to distribute data chunks across

the processors. The latency increases significantly when the number of cores is 256.

The load times from the augmented implementation are relatively low (a maximum

time under 6 seconds compared to a maximum of ↘ 22 seconds for FLANN), leverag-

ing on the underlying high-performing GASNet layer in its communication. The nodes

are assigned their requisite block chunks with affinity in the shared space. For clarity

in the plots, the augmented k-d tree algorithm is denoted as “KDT”.
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FIGURE 6.1: Increasing timing for Initial data distribution across proces-
sors

Figure 6.2 presents the average construction times to build the tree index using up to

1, 048, 576 data points (in a 2D space) from the real word GIS dataset. FLANN-256, 128,

64 and 32 represent FLANN results using 256, 128, 64 and 32 processor cores respec-

tively, while KDT-256, 128, 64 and 32 represent results from the augmented algorithm

using 256, 128, 64 and 32 processor cores respectively. The figure shows higher build

times for relatively small-size datasets: for instance, FLANN-256 with 4096 data points

takes over 1.6 seconds, whereas KDT-256 takes 0.3 seconds. However, FLANN-256 with
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1, 048, 576 data points takes 1.2 seconds, whereas KDT-256 takes under 0.2 seconds. This

could be due to increased communication overhead, particularly for relatively higher

number of processor cores and smaller datasets. Index construction times were found

to increase with larger dataset sizes. As the size of the multidimensional dataset in-

creases, more work is required from each processor since the block size per core also

increases, resulting in more computation and a corresponding increase in latencies.
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FIGURE 6.2: k-d tree Index Build time for varying workloads and cores

This is demonstrated in Figure 6.3 where the data size is fixed at 1, 048, 576 while in-

creasing the number of processor cores from 1 to 256. The latencies generally decrease

with increasing cores, since the data partitioning ensures that each thread receives a

relatively smaller chunk as cores increase. For example, for 256 processor cores, and

1, 048, 576 data points, each processor will have 4096 data points to process. This re-

sults in relatively less workload required by each thread/core. However, latency be-

gins to rise beyond 32 cores for FLANN and beyond 64 cores for KDT. At this point,

communication and synchronization overheads seem to outweigh parallelism with in-

creasing cores. The KDT algorithm demonstrated performance comparable to that of
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the FLANN library and performs up to over 6→ better as the number of cores increases.

The thread-local approach ensures less inter-node communication, and ultimately min-

imised synchronisation, while leveraging on data locality to ensure high performance

and reduced latencies. This naturally translates into relatively higher throughput. In

general, more cores will result in fewer data blocks per core and, therefore, faster tree

construction times and effectively lower latencies.
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FIGURE 6.3: k-d tree Index Build time with 1, 048, 576 GIS dataset for
varying and cores

The results of the scaling evaluations are presented in Figures 6.4a and 6.4b. In the

strong scaling test, a fixed workload of 1048576 was maintained while increasing the

number of processing cores for each algorithm up to 256 cores. Tree index construction

was performed three times (3→), and the average build time was recorded.

Generally, in the strong scale test, as the number of processor cores/threads increases,

the workload for each core reduces, and therefore the build time reduces, and the oper-

ational throughput for that matter increases. For FLANN, the latency begins to increase

again after 16 cores, whereas KDT experiences a minor increase after 32 cores. At these

points, the communication overhead increases the overall latency, reducing the algo-

rithmic performance. Generally, as more computing resources are made available, it
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FIGURE 6.4: Evaluation of k-d tree construction scaling efficiency. For
strong scaling, the workload size was fixed at 1048576. For weak scaling,
the workload was increased from 4096 to 1048576, while the number of

processors was doubled from 16 to 256.
Note: lower is better. Discrete points are connected to illustrate performance

trends as processor count increases.

is expected to have increase parallel efficiency/increase speed-up given less interpro-

cess communication. The thread-local index construction approach ensures minimised

interprocess communication, resulting in good scaling efficiency for KDT. Figure 6.5



Chapter 6. k-d Trees And EPGASS 120

shows the strong scaling speed-up plots for the two algorithms, highlighting KDT’s

superior scalability with increasing number of processor cores.
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FIGURE 6.5: k-d tree Index Build Speed-up

The weak scaling test (Figure 6.4b) shows a general increase in latency as the cores and

the size of the workloads are doubled. The results show that the KDT algorithm exhibits

a slower rate of latency increase compared to the FLANN tree index. Although block

sizes increase with workload, the reduced synchronization ensures that KDT incurs less

latency and ultimately achieves a better performance. Figure 6.6 showcases the weak

scaling efficiency plots for the two algorithms, highlighting the superior scalability of

KDT with an increasing number of processor cores, particularly after 32 cores. The

weak scaling efficiency is given by T(1)/T(Np) where: T(1) is the time to construct the

index using 1 processor (serial task), and T(Np) is the build time for the same data size

with Np processors (parallel task).

Search Operations on the k-d tree Index Structure

Further investigation considered the use of the constructed tree index for search oper-

ations, such as nearest-neighbour queries in a 2D space with randomly selected data

points. The k-NN algorithm is widely used in both Geographic Information Systems

(GIS) and machine learning for spatial analysis and classification tasks. In the GIS
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dataset, k-NN is particularly valuable for finding the closest geographic locations, such

as identifying the closest hospitals, schools, or emergency response centres relative to a

specific query point. Using the k-d tree index, the k-NN algorithm can efficiently handle

such large geographic datasets to perform proximity searches with minimal computa-

tional overhead. In this test, the query point is set to the coordinates [-26.2041, 28.0473]:

a location within the Johannesburg downtown area, and requested the 5 closest points

(k = 5) based on the available dataset.

Figure 6.7 presents the results of the nearest-neighbour search of the tree index with

varying data workloads. The search time generally increases as the size of the tree index

increases, since the search has to traverse more nodes to identify probable neighbours.

Each thread independently traverses their local tree index and updates the global queue

with their results. This improves data locality and minimises global synchronisations,

resulting in relatively lower latencies and resulting higher operational throughput and

efficiency. Figure 6.8 shows the relative superior performance of KDT for a larger num-

ber of processing cores.

The results of the scaling tests of the k-NN algorithms using the k-d tree spatial index

structures are presented in Figures 6.9a and 6.9b The scaling efficiency test assesses the

spatial index structure’s capacity to efficiently handle varying workloads and processor
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FIGURE 6.9: Evaluation of k-NN scaling efficiency between FLANN &
KDT in log10 scale. In the strong scaling test, a fixed size workload of
1048576 was maintained. In the weak scaling test, the workload was
doubled from 4096 to 1048576, while the number of processors was si-

multaneously doubled from 16 to 256.
Note: lower is better

cores/threads. In the strong scale test (Figure 6.9a), the worker threads are increased

from 16 to 256 while the tree index is fixed with 1048576 data points. As the number of

threads is increased, less work (data points per thread) is required by each thread/core
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and therefore the search time reduces while the operational throughput increases. The

k-NN search throughput generally increases as the number of threads increases for a

fixed-size tree index. In general, a well-balanced index tree structure ensures fast and

efficient traversals, and eventually a fast search. Performance results show that the

KDT implementation outperforms the FLANN, with gains of up to 1.5→. The search

algorithm leverages the thread-local advantages to ensure that each thread proceeds

independently.

Figure 6.9b shows the latencies for the weak scaling test in which the tree index size

is increased from 4096 to 1048576 while increasing the processor cores from 16 to 256.

The index size increases proportionally to the number of threads/processor cores. For

example, when the tree index size is doubled, the number of threads is doubled, so that

the compute load for each processor/thread remains the same with increasing pro-

cessors. The KDT algorithm demonstrated better scaling efficiency compared to the

FLANN library.

6.8 Chapter Summary

The k-d tree is a binary search tree for organizing points in a k-dimensional space. The

data structure allows for efficient range and nearest-neighbour queries. It is a space par-

titioning data structure for organizing points in a k-dimensional space. They have been

widely studied and used in many applications, including ray tracing and spatial index-

ing in Computer Graphics; motion planning and collision detection in robotics; spatial

databases and mapping services in Geographic Information Systems; classification and

clustering algorithms in machine learning; and many more. In machine learning, for

instance, k-NN which is a key non-parametric algorithm used for classification, regres-

sion, and anomaly detection, leverages on the k-d tree index. It identifies the k-closest

data points in a feature space based on a distance metric such as the Euclidean distance

and makes predictions by aggregating the properties of these neighbours. Making tree

operations like building and traversing better ensures better performance for these ap-

plications.
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In this chapter, the study presented a k-d tree implementation for distributed shared-

memory leveraging in-memory processing. The augmented algorithm ensures efficient

data partitioning, allowing for thread-local index construction, including strategies to

optimise search algorithms (like range, orthogonal and k-nearest neighbours (k-NN))

The parallel subtree construction, cache sensitive, and locality-aware data layout en-

sures a high-performing tree index construction and ultimately fast queries from the

well-balanced tree index. The chapter presented performance evaluations using real-

world GIS dataset, illustrating performance gains with the indicated optimisation tech-

niques for the median split k-d tree compared to the state-of-the-art FLANN library.

This study further shows that the KDT algorithm has superior performance for both

index construction and searches: up to 1.5→ for traversals, and 5→ for index build.
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Chapter 7

Conclusion And Future Direction

7.1 Summary of Research contributions

7.1.1 The Elastic PGAS concept And Performance Benchmarks

The shift towards many-core architectures increases the I/O-stack contention, which

presents performance challenges for parallel scientific applications. The increasing gen-

eration, analysis, and management of multiple extreme-scale datasets, coupled with the

advent of new storage and networking technologies, exert increasing pressure on the

storage capabilities of current HPC systems. Modern HPC systems routinely handle

large-scale scientific computations and simulations that generate large amounts of data

for storage. The storage and I/O systems are under increasing pressure due to such big

data. However, when disk I/O is minimised, applications achieve significant perfor-

mance gains. I/O is commonly acknowledged as a crucial performance constraint for

large-scale computation, and data analysis, and it is anticipated that this situation will

exacerbate with the continual exponential rise in the discrepancy between computation

and I/O capacity, particularly on emerging exascale systems. By minimizing I/O and

utilizing distributed memory storage during computation with the EPGASS strategy, a

significant improvement in performance gains can be achieved.

Chapter 3 presents the basic principle behind the EPGASS architecture using commod-

ity hardware and systems leveraging in-memory computing (IMC) to provide high per-

formance I/O instead of specialised and vendor-locked systems which could be diffi-

cult to manage, and expensive to maintain in the long term. The architecture achieves
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high performance by leveraging the partitioned global address space paradigm to en-

sure significant use of memory resident data. The concept proposes dedicated compute

nodes configured with large DRAMs or NVRAMs, as well as SSDs; Storage I/O nodes

enhanced with a hierarchical storage stack including a parallel file system and a high

bandwidth interconnect between nodes to provide performance enhancement, particu-

larly, for applications with large memory footprint. During the application run, check-

point data is stored in memory and asynchronously persisted through a hierarchical

storage structure, which includes high-speed memory, fast SSD, and subsequently, rel-

atively slower storage disks. For many applications such as image processing, GIS data

processing, and many more, which have large memory footprint, leveraging EPGASS

provides an opportunity to achieve high throughput by minimizing I/O usage during

active computation.

In Chapter 4, the study evaluated the throughput performance of various benchmarks

on the EPGASS setup, comparing both UPC and MPI implementations, as well as their

memory efficiency. The NAS Parallel Benchmarks experiments with both implementa-

tions demonstrated a fairly comparable performance, but some performance variances

due to the underlying differences in communication protocols. The results show the

performance gains using the distributed shared memory paradigm. As a distributed

shared-memory model, UPC performed better consistently, showing higher through-

put compared to the MPI implementations. The results demonstrated that the parti-

tioned global address space allows for a relatively more efficient computation on the

proposed setup. The performance enhancements could be attributed to the effective

management of the distributed shared memory, the reduced communication overhead

resulting from the effective data distribution, and the efficient synchronization mech-

anisms. When it comes to communication-intensive tasks, efficient data handling and

reduced communication latency, provide substantial performance gains. It is notewor-

thy that the underlying high-performance GASNet communication layer facilitates su-

perior performance and scalability, including remote memory accesses. This study fur-

ther investigated the memory usage of each of the different models, where a relatively

comparable memory requirements across the different tests was observed, with MPI

requiring less memory in various instances compared to UPC.
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Furthermore, the STREAM benchmark was used to evaluate memory utilization for

both strided and random accesses, which represent common data access models in

scientific applications. Utilization was found to decrease as the number of threads

increased for both access methods. The increase in the number of threads results in

relatively lower memory usage across different threads. We, however, noted strided

accesses performed much better as expected, pointing to the need for efficient data or-

ganisation, and optimizations for various distributed parallel processing tasks. The re-

sults further highlight the inherent challenges and overheads associated with different

memory access patterns, noting that decreasing memory bandwidth utilization with

increasing processors is primarily due to increased contention and overhead costs in

accessing shared resources. Using efficient data partitioning and algorithms that re-

quire less synchronization while leveraging local data can help parallel applications

run faster and use memory better. This optimization is essential to achieve efficient

and scalable parallel data processing, particularly in applications like matrix-matrix

and matrix-vector multiplications, which could involve several data movements and

synchronisation. An efficient data partitioning technique to minimise data movement

and synchronisation is therefore essential to ensure high-performance and scaling effi-

ciency.

7.1.2 The Single Matrix Block Shift (SMBS) algorithm And EPGASS

Many algorithms for scientific and numerical computations depend on matrix-matrix

or matrix-vector multiplication as a basic operation. These serve as the foundation

for numerous matrix operations used in numerical solvers and graph-theory problems.

Various algorithms, including Cannon, PUMMA, SUMMA, and SRUMMA, have been

proposed for implementing matrix-matrix multiplication, particularly on distributed

architectures. In distributed architectures, large matrices are decomposed into smaller

chunks or blocks and distributed across a grid of processors to enable parallel process-

ing of the solution, allowing for high performance efficiency in computing the matrix

solution. However, this involves several communication and synchronisation, as the

grid of processors need to communicate and distribute the matrix blocks during the

computation.
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Communication overhead is well recognized as accounting for more than half of the

total latency in many large-scale distributed algorithms, including matrix-matrix and

matrix-vector multiplication. In Chapter 5, the study proposes a novel distributed

matrix-matrix multiplication algorithm, the Single-Matrix-Block Shift (SMBS) algorithm,

which minimises the communication overhead costs, and scales efficiently with increas-

ing number of computing cores. The algorithm leverages on the memory efficiency of

the Cannon algorithm, and improves upon the algorithmic performance by limiting the

amount of communication for dense matrix-matrix multiplication in distributed sys-

tems. The analytical results presented demonstrate performance improvements over

the Cannon algorithm and establish theoretical bounds comparable to those of the state-

of-the-art SRUMMA algorithm. The theoretical upper bound for the Cannon algorithm

is O
(

N3

P

)
+O

(
N2
⇑

P

)
, with the performance improving as P increases until the com-

munication overhead becomes a limiting factor. SMBS, on the other hand, has a theo-

retical upper bound of O
(

N3

P

)
↓O

(
N3

P 3
2

)
+O

(⇑
P
)

, while SRUMMA has latencies

bounded by O

(
N3

P

)
+O

(
N2
⇑

P

)
+O

(⇑
P
)

.

The experimental evaluations demonstrate the superior performance of SMBS com-

pared to the Cannon algorithm with throughput comparable to a tuned state-of-the-art

SRUMMA algorithm for some workloads. SMBS achieves higher performance by lim-

iting the number of block shifts, as well as block skews, and consequently performs

relatively fewer data movements (hence reducing the amount of communication) com-

pared to the Cannon algorithm. Additionally, unlike Cannon and other well-known

algorithms (such as SRUMMA), the SMBS algorithm provides the final block results

during each computational loop. Each iteration of the augmented algorithm produces

2 → BlockSize of the final matrix C. Thus, eliminating the last reduction step, since

the final results become available per iteration. This provides an elegant approach for

image processing applications, in particular, which may require some parts of the fi-

nal output while the application processing is in progress. Consequently, minimising

data movement results in exploiting data locality, and further enhances the algorith-

mic performance. Matrix multiplication applications can benefit from the performance

optimizations introduced by SMBS, achieving further performance improvements and
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increased processing throughput. This is especially true for non-blocking implementa-

tions, which utilize non-blocking point-to-point messaging to overlap communication

with computation. The performance evaluations indicate throughputs over 5X com-

pared to the blocking SMBS for dense matrix-matrix multiplication.

Furthermore, this study presented the implementation of SMBS employing the PGAS

distributed shared-memory approach and evaluated the concept using both synthetic

and real-world datasets for image processing and image classification. The results show

that exploiting data locality and cache coherency further results in improved algorith-

mic performance. In addition, the use of real-world image processing dataset, CIFAR-

100, illustrated the scaling efficiency of the algorithm in real-world scenarios for image

dimensionality reduction and feature extraction (which are part of the convolutional

neural network pipeline). The implementation of distributed shared memory reduces

the complexity of direct message passing, providing a shared memory storage that can

be accessed by all processors, thereby significantly reducing the overhead latencies as-

sociated with setting up and managing communication channels.

7.1.3 k-d Trees And EPGASS

The k-d tree is a binary search tree for organizing points in a k-dimensional space. It

is a space partitioning data structure for organizing points in a k-dimensional space,

allowing for efficient range and nearest neighbour searches. They have been widely

studied and used in many applications such as ray tracing and spatial indexing in com-

puter graphics; motion planning and collision detection in robotics; spatial databases

and mapping services in Geographic Information Systems; classification and clustering

algorithms in machine learning, and many more. Optimising performance of the var-

ious tree operations such as construction and traversals results in better performance

for these applications.

Chapter 6 presented a k-d tree implementation for shared memory distributed sys-

tems, including strategies to optimise both tree construction and search algorithms

(like orthogonal and k-nearest neighbours) leveraging on the EPGASS concept, and

parallel processing capabilities such as parallel subtree construction, cache sensitive
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and locality aware data layout. The chapter presented performance evaluations illus-

trating performance gains with the proposed optimisations techniques for the median-

split k-d tree, including evaluations using real-world GIS dataset for nearest-neighbour

queries. The proposed algorithm is evaluated against the state-of-the-art FLANN li-

brary. The FLANN library is a highly efficient and optimised open-source library de-

signed for performing fast approximate nearest-neighbour queries, particularly in high-

dimensional space. FLANN’s k-d tree implementation supports both single and multi-

ple k-d trees, where multiple k-d trees improve query performance for the approximate

queries. FLANN is especially suitable for large-scale applications in computer vision,

robotics, and machine learning where k-NN searches are often needed. Unlike, the

FLANN library, the augmented KDT algorithm leverages optimised data layout, and

thread-local approach to enhance algorithmic scalability and minimise global synchro-

nisations while ensuring a well-balanced tree index to support queries. The experi-

mental evaluations show a comparable performance of the KDT algorithm compared

with the FLANN’s k-d tree implementation both in building the tree index and search

queries including nearest-neighbour queries.

7.2 Future Directions

The main idea behind the EPGASS concept is to optimise for performance by leveraging

in-memory computing while taking advantage of hierarchical memory structure, and

optimal cache sensitive data layout. Future work will explore benchmarking memory

elasticity across larger node counts to evaluate elasticity overhead compared to mem-

ory efficiency during computation. In addition, further experiments are anticipated

on leveraging the ADIOS2 API for in-memory data usage and integration with elastic

memory management.

Besides, the k-d tree implementation and performance optimisations, directions for fu-

ture work will explore the application usage of EPGASS for multidimensional indexing

schemes such as R-Trees; the Smith–Waterman algorithm which is used for local se-

quence alignment to determine similar regions between two strings of nucleic acid se-

quences or protein sequences [145]. Performance improvements are expected as these
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algorithms are optimized using the distributed shared-memory paradigm and efficient

data distribution and data layout strategies.

Additionally, future exploration of EPGASS on GPU/GPGPU architectures is planned

to leverage the parallel computing capabilities of these platforms. GPUs are designed

for massively parallel computation and manage shared memory differently. The im-

plementations on GPU/GPGPU architectures will require efficient management of the

Streaming Multiprocessors (SM) as well as thread blocks. A GPU/GPGPU-based im-

plementation of the Single Matrix Block Shift (SMBS) algorithm is particularly of inter-

est, as it may offer opportunities for performance optimization tailored to such GPU

architecture. Current implementations of the SMBS algorithm work best on dense

matrix-matrix multiplication, where most of the matrix elements are not zeroes. Sparse

matrices, on the other hand, have a higher proportion of zero elements. For the storage

and manipulation of sparse matrices, it becomes imperative to employ specialized al-

gorithms as well as data structures that leverage on the sparse structure of the matrix

to optimise for performance gains. Future work of SMBS will explore possible optimi-

sation techniques to adopt the algorithm for sparse matrices, while taking advantage of

its data locality and performance gains.
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Appendix A

Appendix

FIGURE A.1: An illustrative image showing the concept of convolution
where, a 3 → 3 matrix kernel is applied to the input image to produce the

convolved feature which is then forwarded to the next layer

FIGURE A.2: Typical layout of the convolutional neural network high-
lighting feature extraction layer where kernel is applied

1
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